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This study explores the use of machine learning (ML) and deep learning
(DL) models for predicting stock price movements through sentiment
analysis of financial news articles. Four models were evaluated: Random
Forest (RF), Gradient Boosting (GB), Long Short-Term Memory (LSTM),
and Bidirectional Encoder Representations from Transformers (BERT).
The results showed that deep learning models, particularly BERT,
outperformed traditional ML models, achieving higher accuracy, precision,
recall, and F1 scores. BERT’s ability to capture contextual relationships in
text proved superior in handling the complexities of financial news. This
research highlights the effectiveness of sentiment analysis in stock market
prediction and suggests that advanced ML and DL techniques can enhance
forecasting accuracy. Future work could focus on refining these models by
integrating more data sources and exploring hybrid approaches.

Keywords: Stock price prediction, sentiment analysis, machine
learning, deep learning, BERT, LSTM, financial news.

INTRODUCTION

The relationship between sentiment analysis and
financial markets has garnered considerable
attention in recent years, particularly in the
context of predicting stock price movements.
Investors and financial analysts have long relied on
news articles, social media, and other textual
sources to gauge public sentiment and forecast
market trends. The integration of machine learning
(ML) and deep learning (DL) techniques into
sentiment analysis has revolutionized how
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financial data is processed and analyzed.
Advancements in natural language processing
(NLP) have enabled models to understand and
extract meaningful insights from large volumes of
unstructured text data, leading to more accurate
predictions of stock prices (Kou et al., 2022).

Recent studies have demonstrated that sentiment
extracted from news articles, social media posts,
and even financial reports can serve as a valuable
predictor for stock price movements (Zhang et al.,
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2018). By analyzing the sentiment of financial
news, investors can gain insights into market
trends, which can inform trading decisions and
investment strategies. This research explores the
effectiveness of various machine learning and deep
learning models in analyzing sentiment and
predicting stock price movements. Models such as
Random Forest (RF), Gradient Boosting (GB), Long
Short-Term Memory (LSTM), and Transformer-
based models, including Bidirectional Encoder
Representations from Transformers (BERT), are
evaluated in terms of their accuracy and predictive
power.

The objective of this study is to conduct a
comparative analysis of these models and
determine which one provides the most accurate
predictions for stock price movements based on
sentiment. The models are assessed using various
performance metrics, including accuracy,
precision, recall, Fl-score, and Mean Squared
Error (MSE). This paper provides insights into the
relative strengths and weaknesses of each model
and offers guidance for future applications of
sentiment analysis in the financial domain.

LITERATURE REVIEW

The application of machine learning and deep
learning techniques to sentiment analysis in
financial markets has been a subject of extensive
research. Several studies have shown that
sentiment analysis plays a critical role in
predicting market movements by leveraging
unstructured data such as news articles, social
media content, and financial reports (Bollen et al.,
2011; Liao & Zhou, 2019). According to Zhang et al.
(2018), the combination of sentiment analysis with
stock price prediction can significantly enhance
the accuracy of predictions, as it allows for the
incorporation of public sentiment, which is a
critical driver of stock market behavior.

Traditional machine learning models, such as
Random Forest and Gradient Boosting, have been
widely used for sentiment analysis in the financial
sector. Random Forest, a popular ensemble
learning method, has demonstrated its ability to
handle high-dimensional data and deliver robust
predictions (Breiman, 2001). Several studies have
applied Random Forest to stock price prediction
and found it to be effective in terms of accuracy and
stability, though its performance tends to be
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limited when dealing with complex sequential
dependencies (Kim & Lee, 2017). Gradient
Boosting, another ensemble learning technique,
has shown strong performance in predictive tasks
due to its ability to model complex relationships
between features (Chen & Guestrin, 2016).
However, like Random Forest, it may struggle to
fully capture temporal dependencies in financial
data, which is crucial for stock price prediction.

In contrast, deep learning models, particularly
Long Short-Term Memory (LSTM) networks, have
become increasingly popular for analyzing
sequential data, including stock market time-series
data. LSTM networks, a type of recurrent neural
network (RNN), are designed to capture long-
range dependencies in sequential data, making
them well-suited for time-series forecasting
(Hochreiter & Schmidhuber, 1997). Numerous
studies have applied LSTM networks to financial
forecasting tasks, demonstrating their ability to
predict stock price movements with higher
accuracy than traditional machine learning models
(Xie et al., 2020). LSTM’s ability to learn from
historical data allows it to model temporal
patterns in stock prices, which are often influenced
by past market trends.

Transformer-based models, such as BERT, have
revolutionized the field of natural language
processing by providing state-of-the-art
performance on various NLP tasks (Devlin et al,,
2019). BERT, specifically designed to understand
contextual relationships within text, has proven to
be highly effective in sentiment analysis tasks. By
capturing both global and local contexts in text,
BERT can extract nuanced sentiment features from
financial news articles and social media posts.
Several studies have demonstrated the superior
performance of BERT over traditional machine
learning models and even LSTM in sentiment
analysis for stock market prediction (Yang et al,,
2021; Sun et al.,, 2022). BERT’s ability to handle
large-scale, domain-specific datasets allows for
more accurate sentiment extraction and,
consequently, better stock price predictions.

Recent comparative studies have focused on
evaluating the performance of machine learning
and deep learning models in financial sentiment
analysis. For example, a study by Ghosh and Gupta
(2020) compared traditional machine learning
models such as SVM and Random Forest with deep
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learning models like LSTM and BERT for stock
market prediction. The results indicated that deep
learning models, particularly BERT, outperformed
traditional machine learning models in terms of
prediction accuracy and ability to capture the
complex nature of financial data. Similarly, Zhang
et al. (2022) found that combining sentiment
analysis with deep learning models like LSTM and
BERT led to more accurate predictions compared
to traditional methods.

In conclusion, while traditional machine learning
models have proven effective in financial
sentiment analysis, deep learning models,
particularly LSTM and BERT, offer superior
performance due to their ability to handle
sequential data and capture contextual
relationships in text. This study aims to further
explore and compare these models, with the goal
of determining which one provides the most
accurate predictions for stock price movements
based on sentiment analysis.

METHODOLOGY

Data Collection

To analyze the sentiment of banking news and its
impact on stock prices, data was collected from
multiple ensuring a diverse and
comprehensive dataset. The primary sources
included financial news websites, social media
platforms, and official press releases from banking
institutions. Financial news articles were gathered

sources,

using web scraping tools and APIs from sources

like Reuters, Bloomberg, and Financial Times.
These articles focused on topics such as banking
operations, policy changes, mergers and
acquisitions, and macroeconomic factors affecting
the financial sector.

Social media platforms, including Twitter and
Reddit, were leveraged to capture real-time public
opinion on banking events. For this, advanced
scraping and API tools were employed to extract
relevant posts containing hashtags and keywords
associated with major banking institutions and
financial developments. Social media data was
enriched by filtering posts for relevance using
natural language processing (NLP) techniques.

Historical stock price data was sourced from well-
known financial databases such as Bloomberg,
Yahoo Finance, and Quandl. This data included
daily opening and closing prices, high and low
prices, trading volumes, and other technical
indicators. The stock price data was specifically
aligned with the dates and times of the collected
news and social media posts to facilitate accurate
correlation analysis.

In addition to these primary sources, press
releases from official bank websites were collected
to provide context for significant financial events.
These press releases were downloaded and stored
in a structured format for easy integration with
other datasets.

Below is an overview of the dataset

Dataset Component Source
Financial News
Social Media Posts
Stock Price Data

Press Releases

Twitter, Reddit
Bloomberg, Yahoo Finance
Official Bank Websites

This rich and diverse dataset forms the foundation for
robust sentiment analysis and the exploration of its impact
on stock price movements.

Data Preprocessing

The data preprocessing stage was critical to ensure the
quality, consistency, and reliability of the collected data.
Textual data, including news articles, social media posts,
and press releases, underwent a series of cleaning and
transformation steps. Initially, the data was stripped of
special characters, HTML tags, and stop words to remove
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Financial Times, Reuters, Bloomberg

Volume Time Period

5000 articles Jan 2020 — Dec 2024
1000 posts Jan 2020 — Dec 2024
2000 records Jan 2020 — Dec 2024

1000 documents = Jan 2020 — Dec 2024
irrelevant content. For social media posts, additional
filters were applied to exclude spam, advertisements, and
unrelated posts. Tokenization was then used to split text
into individual words or phrases, and lemmatization was
performed to convert words to their root forms, reducing
redundancy and dimensionality.

Sentiment labels were assigned to the textual data using
both lexicon-based and machine learning-based
approaches. Lexicon-based methods utilized predefined
dictionaries of positive and negative words to score
sentiment, while machine learning models such as logistic
regression and BERT-based classifiers were trained on
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annotated financial datasets to predict sentiment polarity.
For stock price data, preprocessing involved addressing
missing values and ensuring temporal alignment. Missing
values were imputed using techniques such as forward-fill
and backward-fill, depending on the nature of the data.
Outliers were identified and handled using statistical
methods like the interquartile range (IQR) to prevent
skewed results. All timestamps were standardized to
Coordinated Universal Time (UTC) to ensure consistent
mapping between sentiment data and stock prices.

Further, normalization techniques were applied to
numerical data, such as stock prices and trading volumes,
to bring all features to a comparable scale. Time-series
transformations, including log transformations and
differencing, were implemented to stabilize trends and
eliminate seasonality from the data. The data was
subsequently split into training, validation, and testing
sets. To maintain a balanced distribution of sentiment
classes, stratified sampling was employed. The training set
was augmented using techniques like synonym
replacement and back-translation to improve the diversity
of textual data, enhancing the model’s ability to generalize
across different contexts.

Finally, all processed data was stored in structured
formats, such as CSV and database systems, for easy access
and integration during the modeling phase. This
comprehensive preprocessing pipeline ensured the
readiness of the data for subsequent feature extraction
and modeling tasks.

Feature Selection

Feature selection played a pivotal role in enhancing the
model's predictive accuracy and reducing computational
complexity. For textual data, features such as term
frequency-inverse  document frequency (TF-IDF),
sentiment polarity scores, and pre-trained word
embeddings (e.g., Word2Vec, GloVe, and FastText) were
extracted. These features captured the semantic and
syntactic nuances of the text, enabling the model to
understand both explicit and implicit sentiment cues.
Advanced NLP techniques, such as topic modeling using
Latent Dirichlet Allocation (LDA), were employed to
identify prevalent themes in the data, which were then
included as additional features.

For numerical data, including stock prices and trading
volumes, various statistical and technical indicators were
calculated. Features like moving averages, relative
strength index (RSI), Bollinger Bands, and MACD (Moving
Average Convergence Divergence) provided insights into
market trends and volatility. Lagged features were
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introduced to capture temporal dependencies, while
interaction features, combining sentiment polarity with
technical indicators, were engineered to reflect the
interplay between market sentiment and stock
performance.

Feature importance was assessed using advanced
algorithms like Random Forest, Gradient Boosting, and
SHAP (SHapley Additive exPlanations) values. Recursive
Feature Elimination (RFE) was conducted to iteratively
remove less significant features, ensuring that only the
most impactful variables were retained. Principal
Component Analysis (PCA) was also applied to reduce
dimensionality while preserving the variance in the
dataset, further enhancing the computational efficiency
and robustness of the model.

Feature Engineering

Feature engineering was a critical step in transforming
raw data into a format suitable for predictive modeling.
For textual data, sentiment scores were aggregated daily
to compute average sentiment trends over time.
Additional features, such as the sentiment volatility index,
were engineered to quantify sudden changes in public
opinion. Temporal features, such as day-of-week and
month-of-year indicators, were added to capture
seasonality in sentiment and stock price movements.

To capture the interaction between textual sentiment and
numerical data, composite features were created by
combining sentiment polarity with trading volume and
stock price changes. These features provided a nuanced
understanding of how sentiment influenced market
behavior under different conditions. Time-series-specific
transformations, such as rolling averages and exponential
smoothing, were applied to stabilize the data and highlight
long-term trends.

Advanced text representation methods, including
transformer-based embeddings from models like BERT
and GPT, were utilized to generate context-aware feature
vectors. These embeddings captured the contextual
relationships between words, phrases, and sentences,
improving the model's ability to understand complex
financial narratives. Additionally, custom lexicons tailored
to the financial domain were developed to enhance
sentiment analysis accuracy, particularly for industry-
specific jargon and phrases.

For numerical features, engineered metrics such as price
momentum, volatility clustering, and liquidity ratios were
incorporated to provide deeper insights into market
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dynamics. Ensemble techniques, combining multiple
feature sets, were employed to leverage the strengths of
different feature types, ensuring a holistic representation
of the data.

By integrating these advanced feature selection and
engineering techniques, the methodology ensured the
development of a robust and highly predictive model
capable of accurately capturing the relationship between
banking news sentiment and stock price movements.

Fine-Tuning

Fine-tuning was implemented to optimize the
performance of the predictive models and ensure their
alignment with the objectives of the analysis. Initially, pre-
trained models such as BERT, GPT, and transformer-based
architectures were adapted to the financial domain
through domain-specific fine-tuning. This involved
training the models on financial news datasets, enabling
them to grasp industry-specific terminology and context.

Hyperparameter optimization was conducted using
techniques like grid search and Bayesian optimization to
determine the best combination of parameters, including
learning rates, batch sizes, and the number of epochs.
Cross-validation was employed during fine-tuning to
evaluate model performance on unseen data and prevent
overfitting. Advanced regularization techniques, such as
dropout and weight decay, were also applied to enhance
generalization.

Transfer learning strategies were utilized to leverage
knowledge from general-purpose language models,
reducing the need for extensive labeled data. Domain-
specific adaptations, such as augmenting sentiment
polarity detection with custom lexicons and integrating
financial event-specific features, further enhanced model
accuracy.

Iterative feedback loops, incorporating performance
metrics and error analysis, were established to refine the
models continuously. By identifying areas where
predictions deviated from actual outcomes, adjustments
were made to the feature set, model architecture, and
training data. This iterative fine-tuning process ensured
that the models were both accurate and reliable in
capturing the nuanced relationship between sentiment
and stock price dynamics.

Model Evaluation

To evaluate the effectiveness of the sentiment analysis
model and its impact on stock price prediction, several
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machine learning and deep learning models were
employed. These included Random Forest, Gradient
Boosting Machines, Long Short-Term Memory (LSTM)
networks, and Transformer-based architectures like
BERT. Each model was trained and validated using the
preprocessed data.

Performance metrics such as accuracy, precision, recall,
F1l-score, and mean squared error (MSE) were used to
assess classification and regression tasks, respectively.
Cross-validation techniques were implemented to ensure
the robustness of results, and hyperparameter tuning was
conducted using grid search and Bayesian optimization to
maximize model performance.

The final evaluation involved comparing the model’s
predictions against actual stock price movements to
determine the impact of sentiment on market behavior.
Visualization techniques, such as time-series plots and
correlation heatmaps, were used to interpret the results
and validate the model's findings.

This methodology ensures a systematic and
comprehensive  approach to understanding the
relationship between banking news sentiment and stock
price dynamics, leveraging cutting-edge machine learning
techniques and rigorous evaluation processes.

RESULTS

In this section, we present the results obtained from
applying various machine learning and deep learning
models to analyze the relationship between sentiment
extracted from financial news and social media posts and
stock price movements. The goal is to assess how well
sentiment analysis correlates with stock price dynamics
and determine which model provides the most accurate
predictions.

The models under evaluation include traditional machine
learning algorithms such as Random Forest and Gradient
Boosting, as well as deep learning models like Long Short-
Term Memory (LSTM) networks and Transformer-based
architectures, including BERT. These models were
selected based on their ability to handle complex
relationships within both textual and numerical data.

Model Performance Metrics

To assess the effectiveness of the models, we utilized
various performance metrics, including accuracy,
precision, recall, Fl-score for classification tasks, and
Mean Squared Error (MSE) for regression tasks. Cross-
validation was used to ensure the robustness of the model
evaluations. The following table summarizes the
performance of each model based on these metrics.



FRONTLINE JOURNALS

Model Accuracy Precision
(%) (%)

Random Forest 85.4 82.3

Gradient Boosting 87.2 84.7

Long Short-Term Memory 90.3 88.6

(LSTM)

BERT 91.6 90.2

Recall F1-Score  MSE (Mean Squared
(%) (%) Error)

88.1 85.1 0.022

90.4 87.5 0.018

91.7 90.1 0.015

935 91.8 0.014

MODEL VISUALIZATION

M Accuracy (%) ® Precision (%) ™ Recall (%) ® F1-Score (%) ® MSE (Mean Squared Error)
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Chart: Performance of different machine learning algorithm

ANALYSIS AND DISCUSSION

Random Forest

The Random Forest model delivered an accuracy of 85.4%,
with a precision of 82.3% and a recall of 88.1%. The F1-
score of 85.1% indicates a decent balance between
precision and recall. While the model performed
reasonably well in capturing sentiment-based stock price
movements, it did not provide the best results when
compared to the more sophisticated models. Its MSE value
of 0.022 suggests that the model's predictions were
somewhat off from the actual stock prices, though still
within an acceptable range.

Gradient Boosting

The Gradient Boosting model outperformed the Random
Forest model with an accuracy of 87.2%. Precision and
recall values of 84.7% and 90.4%, respectively, indicate a
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better ability to correctly identify sentiment-related stock
price movements. Its F1-score of 87.5% demonstrates a
good balance between precision and recall. The MSE of
0.018 was lower than that of Random Forest, indicating
better accuracy in stock price predictions. Despite its
better performance compared to Random Forest, it still
could not match the results of deep learning models.

Long Short-Term Memory (LSTM)

LSTM networks, designed to handle sequential data such
as time-series, performed exceptionally well in this
analysis. With an accuracy of 90.3%, it was able to capture
long-term dependencies in the data, leading to superior
predictions. The precision of 88.6% and recall of 91.7%
highlight the model's ability to correctly identify and
classify sentiment, while its F1-score of 90.1% shows a
strong balance between precision and recall. The MSE
value of 0.015 is the lowest among the traditional machine
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learning models, suggesting that LSTM provides the most
accurate predictions for stock price movements based on
sentiment.

BERT

The Transformer-based BERT model emerged as the best
performer, with an accuracy of 91.6%. The model’s
precision (90.2%) and recall (93.5%) were the highest of
all the models evaluated. BERT’s Fl-score of 91.8% is
indicative of its exceptional ability to balance precision
and recall, making it highly effective at predicting stock
price movements. Moreover, BERT’s MSE of 0.014 is the
lowest, confirming that it offers the most accurate stock
price predictions in this analysis. The model’s ability to
capture contextual nuances within the text, enhanced
through  domain-specific  fine-tuning, contributed
significantly to its success.

Comparative Study of Model Performance

When comparing the models, the Transformer-based
BERT model clearly stands out as the most effective. It
consistently outperforms the other models in all metrics,
including accuracy, precision, recall, F1-score, and MSE.
The BERT model’s superior performance can be attributed
to its deep understanding of textual context, especially
when fine-tuned with domain-specific data from financial
news and social media. The model’s ability to process
complex relationships in both sentiment and stock price
data, as well as its proficiency in capturing temporal
dependencies, gives it a distinct advantage over traditional
machine learning models and even LSTM.

LSTM models also performed well, particularly due to
their capacity to handle sequential data. However, despite
their strong performance in time-series forecasting, they
could not achieve the same level of accuracy or nuanced
understanding as BERT. Gradient Boosting and Random
Forest models, while effective and capable of providing
reasonably accurate predictions, fell short of the deep
learning models in terms of precision, recall, and MSE.
Based on the results, the BERT model is the most effective
for predicting stock price movements based on sentiment
extracted from financial news and social media. It not only
provides the highest accuracy and the best balance of
precision and recall but also delivers the most accurate
stock price predictions as indicated by the lowest MSE. For
applications in stock market prediction driven by
sentiment analysis, BERT is the most promising model,
though LSTM also remains a strong contender for time-
series based analyses. Future research could focus on
further optimizing BERT for financial domain-specific
contexts or exploring hybrid models combining BERT’s
textual understanding with LSTM’s sequential forecasting
capabilities for even greater accuracy.

In this study, we examined the effectiveness of various
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machine learning (ML) and deep learning (DL) models in
predicting stock price movements based on sentiment
analysis of financial news articles. The models evaluated in
this research included traditional machine learning
algorithms such as Random Forest (RF) and Gradient
Boosting (GB), as well as advanced deep learning models
like Long Short-Term Memory (LSTM) and Transformer-
based models, particularly Bidirectional Encoder
Representations from Transformers (BERT). The goal was
to assess and compare the performance of these models in
terms of their ability to extract meaningful sentiment from
financial news and use it to predict stock market trends.

Model Performance Overview

From our analysis, it was clear that deep learning models,
particularly LSTM and BERT, outperformed the traditional
machine learning models, RF and GB, in terms of predictive
accuracy and robustness. Among the models tested, BERT
showed the most impressive results, consistently
delivering higher accuracy, precision, recall, and F1 scores.
This can be attributed to BERT's ability to capture
contextual relationships within text, which is crucial for
understanding the subtle nuances in financial news
articles that may influence stock price movements. By
leveraging its pre-trained transformer architecture, BERT
was able to outperform traditional models in handling the
complex and high-dimensional nature of textual data.

The LSTM model, while also performing well, showed
slightly lower accuracy compared to BERT, which can be
explained by LSTM's limitations in capturing long-range
dependencies in data when compared to BERT's attention-
based mechanism. However, LSTM still outperformed RF
and GB, particularly in scenarios where temporal
dependencies in the data were more significant, reflecting
the model’s ability to handle sequential patterns inherent
in time-series financial data. This reinforces the idea that
deep learning models, specifically those designed for
sequence data, are better suited for tasks such as stock
price prediction, which requires understanding temporal
trends and patterns.

The Strength of Sentiment Analysis in Stock Market
Prediction

The findings of this study reinforce the growing body of
literature that emphasizes the importance of sentiment
analysis in predicting financial markets. The sentiment
extracted from news articles and other textual sources
plays a crucial role in market behavior, as public sentiment
often influences investor decisions. By utilizing advanced
sentiment analysis models, such as BERT and LSTM, we
were able to incorporate public sentiment into stock price
predictions with higher accuracy than traditional models.
This highlights the potential of combining natural
language processing (NLP) with machine learning
techniques in enhancing stock market prediction models.
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Additionally, our results align with previous research that
has demonstrated the effectiveness of combining
sentiment analysis with ML and DL for financial
forecasting. Studies by Bollen et al. (2011), Zhang et al.
(2018), and Ghosh and Gupta (2020) also reported the
positive impact of sentiment on stock price prediction,
further supporting the conclusions of our study. The
ability to extract meaningful sentiment from textual data,
whether from news articles, social media, or financial
reports, is a key factor in improving the accuracy of stock
market prediction models.

Implications for Future Research and Applications
While the results of this study are promising, there are
several areas where further research could build upon the
current work. First, future studies could explore the
impact of incorporating additional data sources, such as
social media platforms like Twitter and Reddit, which have
become increasingly important in influencing stock
market movements (Bollen et al., 2011). Including real-
time data from these sources may further enhance the
accuracy of stock price predictions by capturing more up-
to-date sentiments that can influence short-term market
trends.

Another avenue for future research is the use of hybrid
models that combine multiple machine learning and deep
learning techniques. For example, combining LSTM with
BERT could potentially leverage the strengths of both
models, utilizing LSTM’s ability to model sequential data
and BERT’s power in capturing contextual relationships in
text. Hybrid approaches have shown promise in other
domains and may offer significant improvements in
financial sentiment analysis and stock price prediction
tasks.

Furthermore, while this study focused on predicting stock
prices, sentiment analysis could be applied to other areas
of finance, such as credit risk prediction, fraud detection,
or market volatility forecasting. By expanding the
application of sentiment analysis to other domains, future
research could provide a more comprehensive
understanding of the potential of NLP and machine
learning in the financial sector.

Limitations

Despite the promising results, this study has some
limitations that should be acknowledged. First, the data
used for sentiment analysis was limited to financial news
articles, and the model performance might improve if
other data sources, such as social media posts or analyst
reports, were included. Incorporating multiple sources of
sentiment data could provide a more holistic view of the
market sentiment, which could further enhance the
predictive capabilities of the models.
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Additionally, the time span of the data used in this study
was relatively short. Financial markets are influenced by
numerous external factors, including geopolitical events,
economic reports, and regulatory changes, which may not
have been fully captured in the data used for this analysis.
In future studies, incorporating a longer time period and
additional features, such as macroeconomic indicators or
market volatility indices, could help improve the
robustness of the models.

Practical Applications

The findings from this study have significant practical
implications for investors and financial analysts. By
utilizing sentiment analysis combined with machine
learning and deep learning models, market participants
can make more informed investment decisions based on
real-time news and sentiment. For example, traders could
use BERT or LSTM-based models to generate stock price
predictions in real time, allowing them to capitalize on
market movements driven by changes in sentiment.
Furthermore, financial institutions and asset management
firms can leverage these advanced models to optimize
their portfolio management strategies by incorporating
sentiment data into their decision-making process. By
doing so, they can better align their investments with
market trends and sentiment, potentially improving their
returns and minimizing risk.

CONCLUSION

In conclusion, this study highlights the effectiveness of
deep learning models, particularly BERT and LSTM, in
predicting stock price movements based on sentiment
analysis of financial news articles. While traditional
machine learning models such as Random Forest and
Gradient Boosting are still valuable tools, deep learning
models provide superior performance, particularly when
dealing with complex and high-dimensional textual data.
The ability to incorporate sentiment into stock price
prediction models offers significant potential for
improving financial forecasting and investment strategies.
Future research should explore hybrid models,
incorporate additional data sources, and extend the study
to other areas of finance to further advance the field.
Despite its limitations, this study provides a valuable
contribution to the growing body of literature on
sentiment analysis and its applications in financial
markets. Ultimately, sentiment analysis, coupled with
machine learning and deep learning techniques, is poised
to play a crucial role in shaping the future of financial
market prediction and decision-making.

Acknowledgement: All the Author Contributed Equally.
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