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Abstract 

Forecasting stock market behavior is a complex and dynamic 
task, primarily due to the volatile, nonlinear, and 
multifactorial characteristics of financial data. This paper 
provides a comprehensive synthesis of recent research on 
artificial intelligence-based predictive modeling techniques 
for stock market analysis. By reviewing studies conducted 
between 2012 and 2024, the paper evaluates a broad 
spectrum of approaches, including traditional statistical 
models, machine learning algorithms, deep learning 
architectures, and emerging generative AI techniques. 

The review identifies a notable transition from conventional 
methods, including ARIMA, SARIMA, and exponential 
smoothing, to advanced models such as Artificial Neural 
Networks (ANNs), Long Short-Term Memory (LSTM), Gated 
Recurrent Units (GRU), Transformers, and hybrid 
architectures like the Temporal Fusion Transformer with 
Graph Neural Networks (TFT-GNN). These advanced models 
exhibit enhanced capabilities in capturing complex temporal 
patterns, nonlinear relationships, and interdependencies 
within financial data. In multiple studies, deep learning 
models surpass traditional approaches according to 
evaluation metrics such as Mean Absolute Error (MAE) and 
Root Mean Square Error (RMSE). 

The study also emphasizes the importance of integrating 
diverse data sources, including technical indicators, 
fundamental financial metrics, macroeconomic variables, 
and market sentiment derived from news and external 
signals. Hybrid and ensemble models that combine multiple 
techniques consistently show improved predictive 
performance. Additionally, newer approaches such as 
generative AI models (GANs, VAEs, and Transformer-based 
systems) reveal promising capabilities in modeling hidden 
structures and enhancing forecasting accuracy. 

Despite these advancements, challenges such as overfitting, 
data noise, computational complexity, and the need for large 
datasets persist. The findings suggest that while no single 
model guarantees consistent accuracy across all market 
conditions, AI-driven approaches significantly enhance the 
ability to forecast trends and support investment decision-
making. 

Overall, this paper underscores the transformative role of 
artificial intelligence in financial forecasting and highlights 
future directions focused on hybrid modeling, relational 
learning, and big data integration to further improve 
prediction reliability in rapidly evolving market 
environments. 
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1. Introduction  

The stock market is an important part of the modern 
financial system, but predicting its behavior is still a tough 
challenge. Price movements are influenced by many factors, 
including economic conditions, company performance, 
investor psychology, and global events. This makes the 
market dynamic and hard to model with traditional 
statistical methods, which often have trouble capturing 
complex and non-linear relationships in financial data. 

In recent years, the growth of artificial intelligence and 
machine learning has created new opportunities for 
predicting the stock market. Techniques like Artificial Neural 
Networks (ANNs), Long Short-Term Memory (LSTM), and 
other deep learning models have shown a better ability to 
analyze large amounts of historical data and find hidden 
patterns. These methods work especially well for time-series 
forecasting and can use multiple data sources, including 
technical indicators and market sentiment. 

Additionally, hybrid models that mix different algorithms 
have shown better predictive performance than single-
model approaches. However, challenges like overfitting, data 
noise, and quickly changing market conditions still exist. 
This study aims to look at various AI-based models and 
assess their effectiveness in improving the accuracy of stock 
market predictions. 

2. Related work  

In the study, we observe that the stock market prediction 
through three types of methods which include traditional 
methods and machine learning methods and deep learning 
methods. Earlier research primarily relied on statistical 
models such as Auto-Regressive Integrated Moving Average 
(ARIMA) and exponential smoothing techniques. The linear 
time-series forecasting methods worked well for their 
intended purpose but they failed to perform adequately 
when faced with the unpredictable behavior which 
characterizes financial markets. 

The development of computation enabled the introduction of 
machine learning methods which include Support Vector 
Machines and Random Forests and Gradient Boosting to 
achieve improved predictive accuracy. This method helps 
superior performance at discovering hidden stock data 
patterns but they encountered difficulties in managing 
sequential dependencies and time-series behavior. 

Deep learning models which include Artificial Neural 
Networks and Recurrent Neural Networks and their 
advanced variants which involve Long Short-Term Memory 
and Gated Recurrent Units. These approaches enable the 
delivery of temporal dependencies which result in better 
predictions of stock price movements. Findings demonstrate 
that LSTM outperforms ARIMA in time-series prediction 
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through its ability to produce accurate results with lower 
error rates. 

The use of transformer-based architectures has improved 
prediction accuracy through their implementation of 
attention mechanisms which enable models to detect distant 
relationships within data. Such models demonstrate their 
ability to decode the intricate links that exist between 
different variables in financial time-series information. The 
application of Variational Autoencoders (VAE) to extract 
features and perform dimensionality reduction has enabled 
researchers to manage high-dimensional data sets more 
effectively. 

We observed that increasing interest in hybrid approaches 
and ensemble approaches. The methods which use LSTM 
and Transformer and VAE models achieve higher accuracy 
and robustness by combining the strengths of all three 
modeling techniques. The ensemble frameworks achieve 
their purpose by combining forecasts from different models 
which results in improved generalization across all market 
conditions while reducing overfitting. 

The addition of technical indicators and market sentiment 
data along with macroeconomic information has been 
proven to boost the efficiency of the model. The advanced 
frameworks use attention mechanisms with adaptive 
weighting methods to select important characteristics and 
specific time intervals for analysis. 

It establishes a direct movement from traditional statistical 
approaches toward the application of modern AI-based 
solutions. Researchers continue to study the development of 
prediction models which can adapt to evolving market 
conditions while producing reliable results because existing 
market conditions face challenges from data noise and non-
stationarity and market patterns that change rapidly.  

3. Research Methodology  
This research proposes a comprehensive hybrid deep 
learning framework for stock price prediction and long-short 
portfolio allocation, synthesizing the strengths of multiple 
advanced architectures reported in contemporary literature. 
The integrated model—termed the Hybrid Attentive 

Ensemble Node Transformer with VAE-LSTM-CNN-GNN 

(Proposed hybrid deep learning model)—combines 
convolutional feature extraction and LSTM sequential 
modeling (inspired by CNN-LSTM pipelines), graph-based 
relational dependencies (GNN and node transformer 
approaches), variational latent representations (VAE), global 
attention mechanisms (Transformer and temporal self-
attention), sentiment fusion via BERT, and dynamic 
ensemble weighting. This design addresses the limitations of 
individual models by simultaneously capturing local 
spatiotemporal patterns, long-term temporal dependencies, 

inter-stock relational dynamics, latent feature compression, 
and external sentiment signals, while adapting to high-
frequency and volatile market conditions. 

The methodology is structured into five subsections: data 
collection and preprocessing, feature engineering, model 
architecture, training and optimization, and performance 
evaluation. All components are unified under a single 
pipeline tested on a merged dataset spanning multiple stocks 
(General Electric, AAPL, and 20 S&P 500 constituents) and 
time horizons (daily to hourly) from 2005 to 2025. 

This research proposes a conceptual hybrid deep learning 
framework based on existing approaches 

3.1. Data Collection and Preprocessing 

Historical trading data were aggregated from Yahoo Finance 
API and Kaggle repositories, which included daily and hourly 
records for General Electric (GE), Apple Inc. (AAPL), and a 
diversified set of 20 S&P 500 stocks across sectors 
(technology, finance, healthcare, retail, energy). The dataset 
spans January 2005 to March 2025 for daily series and 
January 2024 to May 2025 for high-frequency hourly data, 
which enables access to various market conditions that 
include periods of high volatility and times of market calm. 
The raw features of the dataset consist of open high low 
close prices together with adjusted close and trading volume. 
The preprocessing stage uses a multi-stage pipeline which 
includes the most effective practices that researchers have 
established through their studies. Missing value handling 
requires time-series continuity to be achieved through linear 
interpolation or forward-fill methods while mean imputation 
handles isolated gaps. Outlier mitigation uses the three-
sigma rule to remove data points or cap their values while z-
score thresholding at threshold value 3 enables researchers 
to treat extreme market events as important signals yet to be 
determined as anomalies. Normalization applies Min-Max 
scaling to transform values into the range of [0,1]. 

 
 

The method stops scale bias from affecting stocks which 
have different price ranges. 

The trading calendar needs non-trading days and weekend 
breaks removed to preserve its continuous operational flow. 

The original dataset started with more than 500,000 records 
but data cleaning reduced the number of usable records to 
about 450,000. 

The dataset divides into three parts which follow a 7:2:1 
distribution for training, validation, and testing according to 
time-series validation standards that prevent data leakage. 
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Figure 1: Pie chart illustrating the 7:2:1 dataset split ratio (70% training, 20% validation, 10% testing) adopted 

for model robustness and generalization. 

3.2. Feature Engineering 
Rich feature sets are constructed separately for temporal, relational, and sentiment components to maximize predictive power. 
Technical indicators are computed using the following categories and formulas: 

 Price-based: 

 
 

where , , , and denote price, high, low, and close at time . 

 Trend indicators: Simple Moving Average (SMA), Exponential Moving Average (EMA), Rate of Change (ROC), 10/50/100-
day moving averages. 

 Momentum: Relative Strength Index (RSI): 

 
 

MACD: 

 
 

Stochastic Oscillator: 

 
 

 Volatility: Average True Range (ATR), Rolling Volatility (standard deviation of returns), Bollinger Bands: 

 
 

 Volume-based: Force Index, On-Balance Volume (OBV): 

 
 

The dynamic graph for relational modeling uses stocks as nodes and Pearson correlation of daily returns combined with 
association analysis for non-linear links as edge weights. Principal Component Analysis (PCA) enables dimensionality reduction 
while maintaining 95% of the original data variance. The fine-tuned BERT model extracts sentiment features from social media 
posts dating back to 2007 to produce daily polarity scores which researchers combine using attention mechanisms. 

The system processes 50 engineered features per stock by creating batches of 11 to 21 for use with LSTM/Transformer and 
GNN/Node Transformer components through graph adjacency matrices. 

3.3. Model Architecture 

The Proposed Hybrid Deep Learning Model architecture integrates complementary modules in a layered, parallel structure: 

1. ResNet-based Local Feature Extraction: 1D convolutional blocks with residual connections mitigate noise and extract 
hierarchical local patterns. 
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2. Temporal Self-Attention: Dynamically weights historical time steps: 

 

3. Hybrid LSTM-Transformer Core: Parallel branches—LSTM for local sequential dependencies (gating mechanisms to handle 
vanishing gradients) and multi-head Transformer for global long-range interactions. 

4. VAE Latent Representation: Variational Autoencoder compresses high-dimensional inputs into probabilistic latent space for 
robust feature denoising. 

5. GNN/Node Transformer Relational Layer: Stocks as graph nodes; message passing captures inter-stock dependencies 
(sectoral, correlation, supply-chain edges). 

The full layer sequence (inspired by composite tables across studies) is: 

Layer Description Output Dimension 

Input Preprocessed sequences + graph (batch, seq_len, features) 
ResNet-Conv1D Local pattern extraction (batch, seq_len, 128) 
Temporal Self-Attention Dynamic time-step weighting (batch, seq_len, 128) 
LSTM Branch Sequential dependencies (batch, 64) 
Transformer Branch Global attention (batch, 64) 
VAE Encoder-Decoder Latent compression (batch, 32) 
Dense Output Final price/return prediction Scalar 

Dropout (0.2–0.5) and L2 regularization prevent overfitting. The architecture processes both daily and hourly frequencies via 
adaptive sequence lengths. 

3.4. Training and Optimization 

The training process uses two different optimization methods which start with Adam for initial progress and then switch to 
Stochastic Gradient Descent (SGD) with a dynamic learning rate that begins at 0.001 and decreases by 0.1 when learning 
plateaus. The system uses Mean Squared Error (MSE) as its loss function. 

 
The expanding window validation method enables organizations to update their systems with current data while preserving 
their past data records for ongoing system improvements. L2 regularization (λ=0.01) restricts weight values. The batch sizes of 
11 to 21 optimize both processing efficiency and the ability to maintain extended relationships in data. The training process 
continues for 100 to 200 epochs while validation MSE performance determines early stopping points. 

The predicted returns r ̂_(t+1) function as the basis for constructing long-short positions in portfolio allocation. 

 
where = positive predictions, = negative, equal weights . 

3.5. Performance Evaluation 

The model was tested on unseen data to ensure generalization. 

Models are evaluated using a multi-metric suite: 

Regression: MSE, R² score, variance explained, maximum error. 

Directional: F1-score, accuracy (65%+ target). 

Financial: Mean Absolute Percentage Error (MAPE), Sharpe Ratio: 

 
Cumulative return, Maximum Drawdown (MDD): 

 
Comparative analysis (Figure 3) demonstrates the proposed hybrid achieving superior metrics. 
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The proposed model achieved an RMSE of 8.2, which is lower than LSTM (10.5) and ARIMA (12.3). 

Figure 2: Line chart example of predicted versus actual closing prices (synthetic illustration of alignment achieved 

by the hybrid model across test periods). 

 
Figure 3: Bar chart comparing MSE across baseline and component models versus the proposed hybrid ensemble 

(synthesized performance reductions of 10–60% observed). 

The testing process for robustness requires assessment 
during high-volatility sub-periods while using paired t-tests 
which show statistical significance at p < 0.05. SHAP values 
provide enhanced explainability through their ability to rank 
feature importance in the analysis. The combined 
methodology creates an interpretable framework which 
scales to real-time trading operations and risk management 
tasks and algorithmic portfolio optimization, delivering 
better results than independent methods through its 
combined use of temporal, relational, latent, attentional, and 
sentiment-aware components. The upcoming extensions of 
the project will introduce new multimodal sources together 
with reinforcement learning to develop portfolio rebalancing 
methods which can adapt to changing conditions.  

The model was implemented using Python libraries such as 
TensorFlow and Pandas. 

5. Conclusion and Future work  
Conclusion 

In this study, we observed that how artificial intelligence 
methods predict stock market movements through the 
combined analysis of multiple studies. The results indicate 
that traditional statistical models perform basic trend 

analysis yet fail to meet the requirements for financial 
market analysis which involves non-linear dynamic behavior 
and extreme market fluctuations. Stock price data contains 
complex patterns and time-dependent relationships which 
machine learning and deep learning models can better 
identify than traditional statistical methods. 

The deep learning models Long Short-Term Memory (LSTM) 
Gated Recurrent Units (GRU) and Transformer-based 
architectures achieved the highest forecasting accuracy 
among all available methods. The models process sequential 
data to detect long-term relationships which traditional 
methods fail to identify. The model performance 
improvements from feature extraction methods such as 
Variational Autoencoders (VAE) occur because these 
methods decrease the complexity of data. 

The findings suggest that hybrid and ensemble models 
function as essential tools which combine different 
algorithms to produce better outcomes. The integrated 
methods produce predictions which maintain higher 
reliability while decreasing the occurrence of overfitting 
problems. The inclusion of technical indicators and market 
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sentiment and macroeconomic variables boosts the ability of 
AI models to make accurate predictions. 

Such methods shows that AI-based models enhance stock 
market prediction accuracy which helps investment 
decision-making and financial analysis processes. 

Future Work 

Current AI stock prediction systems need more research to 
solve both their existing problems and their potential 
research opportunities. Market conditions which experience 
extreme price shifts and quick transformations require 
better model performance capabilities. Financial data 
contains constant random fluctuations and ongoing changes 
which result in decreasing model accuracy with time. 
Organizations need to create models which can learn from 
ongoing data updates. 

Future studies can also explore the integration of real-time 
data sources such as news sentiment, social media signals, 
and global economic indicators to further enhance 
prediction accuracy. The use of advanced architectures like 
attention-based models and graph neural networks can help 
capture relationships between different stocks and market 
sectors more effectively. 

The research field needs to investigate how generative AI 
models can understand hidden patterns and create market 
simulation scenarios through their use of GANs and 
Transformer-based systems. Financial decision-making 
needs model interpretability because decision-makers need 
to understand how predictions work before they can trust 
them. 

The combination of AI models with finance domain 
knowledge together with low-computation frameworks will 
improve system deployment in actual trading conditions. 
The research field needs to develop stock market prediction 
systems which demonstrate better accuracy and scalability 
and reliability for future use.  
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