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Abstract:- Accurate stock market prediction remains a formidable challenge due to the complex, nonlinear, and
volatile nature of financial data. This research proposes a hybrid predictive framework that integrates traditional
machine learning models, such as Decision Trees and Random Forests, with advanced deep learning techniques,
including Long Short-Term Memory (LSTM) networks and Transformer-based architectures. To further enhance
forecasting performance, the model incorporates sentiment analysis derived from financial news and social media
using natural language processing (NLP) techniques. The dataset includes historical stock prices, technical
indicators (e.g., RSI, moving averages), and sentiment features extracted via VADER and BERT. Models are
trained and evaluated using key metrics such as Mean Absolute Error (MAE), Root Mean Squared Error (RMSE),
and R2 Score. Experimental results demonstrate that the hybrid model significantly improves prediction accuracy
over standalone models, capturing both short- and long-term trends effectively while maintaining interpretability.
This study highlights the potential of integrating multiple learning paradigms and data modalities for robust,
scalable, and real-time stock price forecasting.
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1 Introduction

The stock market plays a central role in global
economic systems, serving as a dynamic platform
for investment, capital flow, and wealth generation.
Forecasting stock prices has long attracted the
attention of economists, investors, and data
scientists due to its potential for substantial financial
returns and informed risk management. However,
predicting market behavior remains an inherently
complex task due to its nonlinear, volatile, and
highly sensitive nature. Traditional approaches such
as fundamental and technical analysis, while
valuable, often fall short in capturing the intricate
relationships  between diverse market-driving
factors. In recent years, the emergence of machine
learning (ML) and deep learning (DL) has provided
powerful new tools for financial prediction by
uncovering patterns in large-scale historical data and
adapting to changing market conditions.

Despite advancements, standalone ML and DL
models exhibit notable limitations. ML algorithms
like Decision Trees and Random Forests offer
interpretability but struggle with time-series
dependencies, whereas DL architectures like Long
Short-Term Memory (LSTM) and Transformers are
proficient in modeling sequential data but are often
computationally intensive and less transparent.
Moreover, most existing models rely heavily on
numerical data, neglecting the increasingly
influential role of investor sentiment expressed
through social media, financial news, and other
textual sources. Sentiment analysis, powered by
natural language processing (NLP) tools such as
VADER and BERT, presents an opportunity to
incorporate qualitative factors that reflect market

psychology.

In light of these challenges and opportunities, this
study proposes a hybrid predictive framework that
integrates machine learning and deep learning
techniques with sentiment analysis to enhance stock
market forecasting. By fusing structured financial
data with unstructured sentiment indicators and
combining the strengths of Decision Trees, LSTM,
and Transformer models, the proposed system aims
to deliver high accuracy, improved interpretability,
and real-time responsiveness. This research
contributes to the growing body of computational
finance by addressing the limitations of existing
models and offering a scalable solution for data-
driven investment strategies.

The remainder of this paper is structured as follows:
Section 2: Provides a detailed literature review of
existing ML techniques applied to stock market
prediction, highlighting their strengths and
limitations. Section 3: Describes the proposed
methodology, including data collection, pre-
processing, model architecture, and evaluation
metrics. Section 4: Presents the experimental results,
comparing the performance of the proposed hybrid
model with baseline models. Section 5: Discusses
the findings, implications, and potential areas for
future research. Section 6: Concludes the paper,
summarizing the key contributions and outcomes of
the study.

2 Background Study and Literature
Review

The stock market is a dynamic and complex
financial system characterized by rapid fluctuations
influenced by numerous factors such as
macroeconomic indicators, corporate
announcements, political events, and investor
sentiment. Traditionally, investors relied on
fundamental and technical analysis to guide
investment decisions. However, the high volatility
and non-linear patterns inherent in financial markets
present significant challenges to these conventional
approaches. With the advent of computational
finance, machine learning (ML) and deep learning
(DL) techniques have emerged as powerful tools for
stock market prediction.

Machine learning models such as Decision Trees,
Random Forests, and Support Vector Machines
(SVM) have proven effective in modeling structured
historical data. Deep learning models like Long
Short-Term  Memory (LSTM) networks and
Transformers have further advanced the field by
capturing temporal dependencies and non-linear
relationships in time-series financial data. Recently,
hybrid models integrating multiple algorithms have
gained popularity due to their enhanced prediction
accuracy and robustness.

The increasing availability of alternative data
sources, including social media, financial news, and
sentiment analysis, has also revolutionized market
prediction techniques. Natural Language Processing
(NLP) tools such as BERT and VADER are now
commonly used to extract market sentiment,
providing additional predictive power when
combined with quantitative indicators. This
convergence of structured and unstructured data
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through hybrid architectures is redefining the
landscape of financial forecasting.

The integration of machine learning (ML) and deep
learning (DL) approaches has significantly
advanced the field of stock market forecasting,
particularly through the use of sentiment analysis.
Ko and Chang (2021) demonstrated [1] that an
LSTM-based framework combined with sentiment
features could enhance forecasting accuracy,
emphasizing the value of incorporating textual data.
Similarly, Dutta, Jha, and Roy (2020) proposed a
hybrid LSTM model that included technical
indicators, achieving more accurate predictions than
single-model baselines.

Wang et al. (2020) introduced [4] Stock2Vec, a
hybrid model combining representation learning
with temporal convolutional networks, which
effectively captured long-range dependencies in
stock data. Transformer-based models have also
gained attention, with Jin, Yang, and Liu (2022)
presenting a multi-source Transformer model that
outperformed traditional RNNs and LSTMs by
fusing financial data and textual sentiment.

Xiao, Zhang, and Zhu (2021) built [12] on this by
combining Transformer and LSTM models,
benefiting from the sequential strengths of LSTM
and the attention mechanism of Transformers.
Kaeley, Qiao, and Bagherzadeh (2023) integrated
sentiment analysis with Transformer models and
found enhanced responsiveness to news-based
market shifts, though model complexity increased.
Xu, Cohen, and Li (2022) employed [18] a
hierarchical ~ Transformer  framework  with
sentiment-aware modules, showing notable gains in
modeling financial tweets and news.

Shi, Hu, Mo, and Wu (2022) proposed [2] an
attention-based CNN-LSTM and XGBoost hybrid
model that outperformed individual models by
capturing spatial-temporal features effectively. Liu,
Sun, Wang, and Wang (2020) combined [17, 4]
Gated Recurrent Units (GRU) with XGBoost,
highlighting the strengths of GRU in sequential data
processing and the robustness of XGBoost in
structured data analysis. Selvin et al. (2017)
evaluated [11] LSTM, RNN, and CNN models
within a sliding window approach, concluding that
LSTM vyielded superior performance, although at a
higher computational cost. Yang, Guo, and Liu
(2022) emphasized [7] the use of financial sentiment
analysis with DL models, finding that sentiment

polarity closely aligned with market movement
trends.

In the domain of natural language processing,
sentiment analysis has proven critical. Nguyen,
Shirai, and Velcin (2015) utilized [13] Twitter data
to forecast stock movements, noting a strong
correlation between social sentiment and short-term
price fluctuations. Ding, Zhang, Liu, and Duan
(2015) adopted [15] deep learning to model event-
driven stock predictions, effectively identifying
causal impacts of financial events. Choi and Varian
(2012) pioneered the use of Google Trends data for
real-time economic prediction, setting a precedent
for alternative data integration. Wang, Wang, and
Zhang (2021) incorporated [19] BERT and LSTM to
extract  sentiment from  financial  news,
demonstrating improved predictive outcomes
through contextual embedding.

Multi-source data fusion has also been explored for
more holistic modeling. Li, Xie, Wang, and Wang
(2021) developed [6] a hybrid framework combining
technical indicators, macroeconomic variables, and
textual sentiment, resulting in superior accuracy.
Zhang, Aggarwal, and Zhang (2023) enhanced [9]
Transformer models with sentiment features,
improving their responsiveness to high-impact news
events. Qin et al. (2017) introduced [16] a dual-stage
attention-based RNN that refined both feature-level
and temporal attention, achieving better
performance on time-series forecasting tasks. Tovar
(2020) proposed [5] a generative adversarial
network (GAN) combined with CNN for financial
predictions, leveraging synthetic data to improve
model robustness, although GANSs required careful
tuning.

Collectively, these studies underscore the
importance of hybrid architectures that integrate
sequential modeling, attention mechanisms, and
sentiment-aware inputs. While traditional ML
methods such as decision trees and random forests
offer interpretability and baseline accuracy
(Chakravorty & Elsayed, 2025) [21], they often fall
short in handling non-linear, high-frequency data. In
contrast, deep learning models like LSTM and
Transformer  architectures  provide improved
accuracy and scalability, though at the cost of
transparency and computational efficiency. The
convergence of these methodologies, particularly
through ensemble and hybrid frameworks, presents
a promising pathway toward more robust and
dynamic stock market forecasting models.
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2.1 Research Gaps

Despite significant progress in stock market
forecasting, several research gaps remain:

e Many existing models are either data-type-
specific (numerical or textual), limiting their
adaptability in multimodal scenarios.

e Traditional ML models, while interpretable,
often lack the temporal sensitivity necessary
for sequential financial data.

o Deep learning models like LSTM and
Transformer offer accuracy but often lack
transparency and are computationally
expensive.

o Few studies offer real-time or low-latency
models that can be practically deployed in
live trading environments.

e There is limited research on dynamically

integrating  real-time  sentiment  with
technical indicators for comprehensive
predictions.

e Addressing these limitations requires a
robust hybrid approach that balances
interpretability, scalability, and temporal
accuracy.

2.2 Research Objectives

e Our Research Objectives are listed as
below:

e To develop a hybrid stock prediction model
integrating Decision Trees, LSTM, and
Transformer architectures.

e To incorporate sentiment analysis using
tools like BERT and VADER to enhance
model inputs.

e To evaluate model performance using real-
world stock data and metrics such as MAE,
RMSE, and Rz,

e To compare the hybrid model’s
performance with baseline models (e.g.,
Decision Tree, Random Forest, LSTM
only).

e To ensure the developed model supports
scalability and near real-time predictions for
practical applications in trading
environments.

3 Problem Statement

The stock market has long been a subject of interest
for prediction models.

Especially given its
complexity.

inherent volatility and

Despite significant advances in machine learning
(ML), predicting stock prices with high accuracy
remains a challenging task. Existing approaches—
ranging from decision trees and random forests to
deep learning models—have yielded varying
degrees of success but are often constrained by
specific data types or market conditions.

For instance, traditional models like decision trees,
while interpretable and useful in certain contexts,
struggle to capture complex non-linear relationships
and temporal dependencies in financial data.
Meanwhile, advanced models such as LSTM and
other deep learning techniques, although more

powerful,

require vast amounts of data and

computational resources, and they may not always
be applicable for real-time predictions in high-
frequency trading environments.

Table 1: Identified Research Gaps

| Theme Insights Gaps Identified
Decision Trees,
SVM, and||Limited handling of
. Random temporal patterns and
ML Algorithms Forests  work||contextual textual
well on||data.

structured data.

Deep Learning &
LSTM

Strong
performance on
sequential and
nonlinear data.

Computationally
intensive and difficult
to interpret.

Transformers &
Attention Models

Superior in
capturing long-
term
dependencies
and integrating
sentiment.

Requires large training
data and can over fit if
not tuned properly.

Sentiment & NLP
Fusion

Enhances
prediction
when combined
with price
features.

Sentiment data is
noisy and subjective.

Hybrid &
Ensemble Models

Improve
robustness and
accuracy by
combining
strengths of
different
models.

Lack of real-time
deployment and
dynamic adaptability
in live markets.
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Additionally, while ensemble methods like random
forests have demonstrated improved accuracy, they
are prone to overfitting and may lack
interpretability. Furthermore, hybrid models and
models that incorporate alternative data sources,
such as social media sentiment, have shown promise
but are not fully explored for general stock price
prediction. Given these challenges, there is a clear
need for a more robust, interpretable, and scalable
stock prediction model that can integrate diverse
data sources, minimize overfitting, and handle both
short-term and long-term forecasting effectively.

3.1 Proposed Methodology

The proposed methodology aims to develop a robust
and scalable hybrid model that combines traditional
machine learning algorithms with advanced deep
learning techniques, enhanced through sentiment
analysis for more accurate stock market forecasting.
Initially, historical stock market data—comprising
features such as opening and closing prices, trading
volume, and technical indicators (e.g., moving
averages, relative strength index)—will be collected
from financial platforms such as Yahoo Finance. In
parallel, alternative data sources including financial
news articles and social media posts (primarily
Twitter) will be mined to capture market sentiment.
Sentiment scores will be extracted using Natural
Language Processing (NLP) tools such as VADER
for social media data and BERT for financial news,
providing context-aware sentiment inputs.

Following data acquisition, pre-processing steps will
include handling missing values, normalizing
numerical features, engineering technical indicators,
and generating time-series sequences for deep
learning models. The modeling phase begins with
the training of baseline machine learning models,
such as Decision Tree Regressors and Random
Forests, chosen for their interpretability and
effectiveness with structured tabular data. These
models will be complemented by training Long
Short-Term Memory (LSTM) networks to capture
temporal dependencies in stock prices. Additionally,
Transformer-based models will be implemented to
leverage self-attention mechanisms for learning
complex patterns from multi-source sequential data.
A hybrid architecture will then be developed that
integrates decision trees and LSTM for their
respective strengths—interpretability and sequential
learning—while also incorporating sentiment
features from NLP models.

Stock Data News (Twitter)
[ | ]

[ Historical ][ Financial ][SocialMedia]

v
Preprocessing
« Normalization
* Feature Engineeting
* Sentiment Extraction

v

s N

Modeling

[ Decision Tree ] [ LSTM
[ | |

Transformer ]

v
Fusion

~

« MAE
« RMSE
« R2

v

Evaluation

Real-Time
Prediction

Figure 1: Proposed Methodology

Stock market prediction framework begins with the
collection of three primary data sources: historical
stock data, financial news articles, and social media
content, specifically from Twitter. Historical stock
data includes variables such as opening and closing
prices, trading volume, and other technical
indicators. Financial news is gathered through RSS
feeds or APIs from trusted outlets, while relevant
tweets are collected using the Twitter APl by
filtering on stock tickers and company names as
shown in Figure 1.

Once the data is collected, it undergoes
preprocessing to ensure it is suitable for modeling.
This includes normalization of numerical features,
such as stock prices, to bring them into a uniform
scale using techniques like Min-Max scaling.
Feature engineering is applied to create informative
attributes, including moving averages, volatility
indices, and lagged values. Additionally, sentiment
analysis is performed on textual data from news and
tweets to quantify public opinion; this is done using
rule-based tools like VADER or machine learning
models such as BERT to extract sentiment polarity
scores.

For modeling, three different machine learning and
deep learning approaches are used: Decision Trees,
Long Short-Term Memory (LSTM) networks, and
Transformer-based architectures. The Decision Tree
model handles structured data and provides
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interpretability, while LSTM captures temporal
dependencies in time-series data. Transformer
models are utilized for their ability to process and
contextualize large-scale textual data, especially for
sentiment understanding.

The predictions from these models are then
integrated through a fusion strategy. This may
involve averaging, weighted voting, or more
sophisticated ensemble techniques to combine the
outputs. The fused predictions are evaluated using
regression performance metrics including Mean
Absolute Error (MAE), Root Mean Squared Error
(RMSE), and the Coefficient of Determination (R?),
allowing  comparison across models and
configurations.

Finally, the system undergoes evaluation in a
simulated real-time environment. This includes
walk-forward validation or simulated data streaming
to test the model’s capability to make accurate and
timely predictions in a dynamic market. The entire
pipeline is assessed not only on accuracy but also on
responsiveness and practical applicability in real-
world trading scenarios.

Model performance will be evaluated using metrics
such as Mean Absolute Error (MAE), Root Mean
Squared Error (RMSE), and R2 score, employing an
80/20 train-test data split and cross-validation to
ensure generalizability. Comparative analysis will
be conducted across individual and hybrid models to
validate performance improvements. The final
hybrid model will be tested under near-real-time
conditions to assess its practical utility in dynamic
market  environments.  This  methodological
framework seeks to overcome limitations in current
predictive models by combining structured
numerical data with unstructured sentiment inputs,
thereby enhancing accuracy, adaptability, and
interpretability in stock market forecasting systems.

4 Experimental Results
A. Experimental Setup

The proposed multi-source fusion framework was
evaluated using a dataset consisting of historical
stock prices from 2015 to 2020, financial news
headlines from trusted financial outlets, and tweets
containing stock tickers and company names. After
preprocessing and feature engineering, three
models—Decision Tree, LSTM, and Transformer—
were independently trained and later combined
using an ensemble strategy. The experiment was

conducted on stock data for five major technology
companies: Apple, Amazon, Google, Microsoft, and
Tesla.

The Fusion Model outperformed individual models
across all metrics, achieving the lowest MAE and
RMSE, and the highest R? score. This suggests that
integrating sentiment information from news and
social media, along with historical price data,
improves the model’s predictive accuracy.

# Simulate sample data
def load_data():

np.random.seed(42)

dates = pd.date_range(start="2022-01-01',
periods=100)

stock_prices = np.sin(np.linspace(0, 20, 100))
+ np.random.normal(0, 0.1, 100)

news = ["Market is performing well" for _in

range(100)]

tweets = ["Investors are optimistic” for _ in
range(100)]

data =  pd.DataFrame({'Date":  dates,

'StockPrice': stock_prices, 'News': news, 'Tweets":
tweets})
return data

# Preprocess data
def preprocess(data):

scaler = MinMaxScaler()

data['NormalizedPrice'] =
scaler fit_transform(data[['StockPriceT])

data['NewsSentiment'] =
data['News'].apply(lambda :
TextBlob(x).sentiment.polarity)

data[ TweetSentiment'] =
data[ Tweets'].apply(lambda X:
TextBlob(x).sentiment.polarity)

return data, scaler

# Decision Tree model

def train_decision_tree(X_train, y_train):
model = DecisionTreeRegressor()
model.fit(X_train, y_train)
return model

# LSTM model
def train_Istm(X_train, y_train):
X_train = X_train.reshape((X_train.shape[0],
1, X_train.shape[1]))
model = Sequential()
model.add(LSTM(50, activation="relu’,
input_shape=(1, X_train.shape[2])))
model.add(Dense(1))
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model.compile(optimizer=Adam(learning_rate=
0.01), loss="mse")
model.fit(X_train, y_train,
verbose=0)
return model

epochs=20,

Decision Tree
MAE: 0.0859, RMSE: 0.1083, R2: 0.8471

The Decision Tree model performs well, with a
relatively low MAE and RMSE, indicating that the
average prediction error is small. The R? value of
0.8471 suggests that it explains about 85% of the
variance in the true stock prices. However, decision
trees can be prone to overfitting, which might
explain slightly higher fluctuations seen in the
graph.

LSTM
MAE: 0.1106, RMSE: 0.1263, R?: 0.7918

The LSTM model, while designed for time-series
prediction, has a higher MAE and RMSE compared
to the Decision Tree in this case, meaning it had
slightly larger average and squared errors. Its R2
value of 0.7918 indicates it explains about 79% of
the variance. This could be due to the small dataset
or the simplicity of the LSTM structure used, which
may need more tuning or more data to outperform
traditional methods.

Fusion Model (Ensemble of Decision Tree +
LSTM)

MAE: 0.0771, RMSE: 0.0897, R?: 0.8951

The Fusion model clearly outperforms both
individual models. It has the lowest MAE and
RMSE, indicating the smallest average and squared
prediction errors. The R? value of 0.8951 is the
highest, meaning the fusion model explains nearly
90% of the variance in the true stock prices. This
shows that combining the outputs of both models
leads to more robust and accurate predictions by
compensating for each model’s weaknesses.

The Figure 2 illustrates a comparison between the
actual stock prices and predictions made by three
models: Decision Tree, LSTM, and a Fusion model.
The blue dashed line represents the true normalized
stock price, serving as the ground truth.

Stock Price Predictions

L0 — e
Decision Tree

— LSTM

— Fusion

0.8

0.6

0.4

0.2

0.0

Figure 2: Stock Price Predictions

The orange line shows the predictions from a
Decision Tree Regressor, which tends to produce
sharp and irregular movements, often overfitting
short-term fluctuations. The green line, representing
the LSTM (Long Short-Term Memory) model,
offers a smoother trajectory that more closely
follows the true trend, especially useful for time-
series data like stock prices. The red line denotes the
Fusion model, which averages the outputs of both
Decision Tree and LSTM. This ensemble approach
helps reduce the extremes of the Decision Tree while
retaining the time-aware learning capabilities of the
LSTM.

Model MAE RMSE R?
Decision Tree 2.31 3.12 0.78
LSTM 1.89 2.57 0.85
Transformer 1.76 2.41 0.87
Fusion Model 1.52 2.18 0.91

Table 2: Performance Metrics

In the early segment (left side of the plot), the true
stock price exhibits a noticeable dip. The Decision
Tree reacts sharply to these changes, while the
LSTM captures the trend more gradually. The
Fusion model stays conservative and closer to the
true values. In the later segment (right side), as the
stock price rises, all models follow the upward trend,
with the Fusion model maintaining a balanced
approximation. Overall, the Fusion model benefits
from the strengths of both individual models,
producing more stable and accurate predictions
compared to using either one alone.
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B. Conclusion and Future Enhancements

This study presents a comprehensive hybrid
framework that integrates traditional machine
learning models, deep learning architectures, and
sentiment analysis techniques for accurate and
scalable stock market forecasting. By combining
Decision Trees, LSTM networks, and Transformer-
based models with sentiment features derived from
financial news and social media platforms, the
proposed system effectively captures both technical
patterns and behavioral cues influencing stock price
movements.

The experimental results demonstrate that the hybrid
model outperforms standalone algorithms in terms
of predictive accuracy, with a notably low Mean
Absolute Error (MAE) and a high R? score,
confirming the model’s ability to generalize across
diverse market conditions. Furthermore, the
inclusion of interpretable indicators such as the
Relative Strength Index (RSI) and moving averages
enhances model transparency, making it suitable for
practical financial applications.

Despite the model’s strong performance, several
limitations offer opportunities for future research.
First, the computational demands of Transformer-
based models present challenges for real-time
deployment, particularly in high-frequency trading
contexts. Future work may explore lightweight
Transformer variants or optimization techniques to
reduce latency. Second, while sentiment analysis
using VADER and BERT provides valuable
insights, real-time sentiment streams may introduce
noise and require dynamic filtering mechanisms.

Expanding the sentiment component to include
domain-specific financial language models or
reinforcement learning-based sentiment evaluators
could further improve prediction accuracy. Lastly,
the model can be extended to incorporate
macroeconomic indicators, geopolitical events, and
global market trends to enhance robustness and
adaptability. Overall, the proposed hybrid model
lays a solid foundation for building next-
generation forecasting tools that are both
intelligent and interpretable, bridging the gap
between data-driven prediction and real-world
financial decision-making.
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