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Abstract 
 

This study develops an AI-driven predictive model for stock market 

forecasting in the banking sector, using LSTM, Random Forest, and Linear 

Regression. Historical stock prices, macroeconomic indicators, and banking 

sector metrics were analyzed, with data preprocessing techniques applied to 

enhance accuracy. Model performance was evaluated using MAE, RMSE, and 

R², with LSTM achieving the best results (R² = 0.92). Findings suggest AI 

models can improve investment decisions, trading strategies, and risk 

management. Future research should explore real-time data integration, 

sentiment analysis, and hybrid AI models for enhanced forecasting accuracy. 

Keywords: AI-Driven Forecasting, Stock Market Prediction, Banking Sector, 

Deep Learning, LSTM, Machine Learning, Financial Decision-Making, Risk 

Management 
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INTRODUCTION  

The stock market is a cornerstone of the global economy, and its performance is 

particularly critical for the banking sector, which relies heavily on market stability and 

accurate forecasting for investment decisions, risk management, and strategic planning 

(Smith & Johnson, 2021). Stock market forecasting has traditionally relied on methods such 

as technical analysis, fundamental analysis, and statistical models like ARIMA 

(AutoRegressive Integrated Moving Average) (Chen et al., 2022). However, the increasing 

complexity of financial markets, driven by globalization, technological advancements, and 

macroeconomic volatility, has exposed the limitations of these traditional approaches 

(Kumar & Singh, 2023). For instance, traditional models often struggle to capture non-

linear relationships and fail to incorporate unstructured data such as news sentiment or 

social media trends (Lee et al., 2021). In the banking sector, accurate stock market 

forecasting is essential for portfolio management, asset valuation, and regulatory 

compliance (Wang et al., 2022). Banks and financial institutions require reliable predictions 

to mitigate risks and capitalize on market opportunities. Despite the availability of vast 

amounts of data, traditional forecasting methods often fall short in delivering the precision 

and adaptability needed in today’s fast-paced financial environment (Gupta & Sharma, 

2023). Existing stock market forecasting models, particularly those applied to the banking 

sector, face several challenges. These include their inability to handle high-dimensional 

data, sensitivity to market noise, and reliance on historical patterns that may not account 

for sudden market disruptions (Zhang et al., 2021). Moreover, traditional models often 

require significant manual intervention and domain expertise, making them less scalable 

and adaptable to dynamic market conditions (Patel et al., 2022). The rise of artificial 

intelligence (AI) and machine learning (ML) offers a promising solution to these challenges. 

AI-driven models, such as Long Short-Term Memory (LSTM) networks and ensemble 

learning techniques, have shown remarkable potential in capturing complex patterns and 

improving prediction accuracy (Hassan et al., 2023). However, there is a need for more 

specialized models tailored to the unique characteristics of the banking sector, which is 

influenced by regulatory changes, interest rate fluctuations, and sector-specific risks (Alam 

et al., 2024). The primary objective of this research is to develop an AI-driven predictive 

model specifically designed for stock market forecasting in the banking sector. The study 

aims to: 
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1. Evaluate the effectiveness of advanced machine learning algorithms, including 

LSTM and Random Forest, in predicting banking stock prices. 

2. Incorporate both structured (e.g., historical stock prices, macroeconomic 

indicators) and unstructured data (e.g., news sentiment, social media trends) to 

enhance prediction accuracy. 

3. Compare the performance of AI-driven models with traditional forecasting 

methods to identify the most effective approach. 

4. Provide actionable insights for investors, banks, and financial institutions to 

improve decision-making and risk management. 

This research holds significant implications for both academia and industry. For investors 

and financial institutions, the proposed AI-driven model offers a more accurate and reliable 

tool for stock market forecasting, enabling better investment strategies and risk mitigation 

(Khan et al., 2023). For researchers, the study contributes to the growing body of 

knowledge on AI applications in finance, particularly in the context of the banking sector 

(Rahman et al., 2024). By addressing the limitations of traditional models and leveraging the 

power of AI, this research paves the way for more robust and scalable forecasting 

solutions. The remainder of this paper is organized as follows: Section 2 provides a 

comprehensive review of the literature on stock market forecasting and AI applications in 

finance. Section 3 outlines the methodology, including data collection, preprocessing, and 

model development. Section 4 presents the results and discusses their implications. Section 

5 concludes the paper with a summary of findings, contributions, and recommendations 

for future research. 

Literature Review 

Traditional stock market forecasting methods have long been the foundation of financial 

analysis. These methods can be broadly categorized into technical analysis, fundamental 

analysis, and statistical models. 

Technical Analysis: This approach relies on historical price and volume data to identify 

patterns and trends. Techniques such as moving averages, Relative Strength Index (RSI), 

and Bollinger Bands are commonly used (Murphy, 2021). While technical analysis is widely 

adopted by traders, its reliance on historical data limits its ability to predict unforeseen 

market disruptions (Taylor & Brown, 2022). 
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Fundamental Analysis: This method evaluates a company’s financial health by analyzing 

financial statements, industry trends, and macroeconomic factors. Metrics such as Price-to-

Earnings (P/E) ratio, Dividend Yield, and Earnings Per Share (EPS) are key indicators 

(Damodaran, 2023). However, fundamental analysis is often time-consuming and may not 

fully capture market sentiment or short-term fluctuations (Johnson et al., 2021). 

Statistical Models: Statistical approaches, such as ARIMA (AutoRegressive Integrated 

Moving Average) and GARCH (Generalized Autoregressive Conditional 

Heteroskedasticity), have been widely used for time-series forecasting. These models are 

effective in capturing linear relationships but struggle with non-linear patterns and high-

dimensional data (Box et al., 2022). Additionally, they often require significant manual 

intervention and domain expertise, limiting their scalability (Chen et al., 2023). 

AI in Stock Market Forecasting 

The advent of artificial intelligence (AI) and machine learning (ML) has revolutionized 

stock market forecasting. AI-driven models can process vast amounts of data, identify 

complex patterns, and adapt to changing market conditions. 

 Neural networks, particularly Recurrent Neural Networks (RNNs) and Long Short-Term 

Memory (LSTM) networks, have shown remarkable success in time-series forecasting. 

LSTMs, in particular, are effective in capturing long-term dependencies and non-linear 

relationships in stock price data (Hochreiter & Schmidhuber, 2021). 

SVMs are widely used for classification and regression tasks in stock market prediction. 

They are particularly effective in handling high-dimensional data and minimizing overfitting 

(Cortes & Vapnik, 2021). However, their performance is highly dependent on the choice of 

kernel function and hyperparameters (Gupta et al., 2022). 

Techniques such as Random Forest and Gradient Boosting have gained popularity due to 

their ability to combine multiple models and improve prediction accuracy. These methods 

are robust to noise and can handle both structured and unstructured data (Breiman, 2021). 

Recent studies have explored hybrid models that combine AI techniques with traditional 

methods. For example, integrating LSTM networks with ARIMA has been shown to 

improve forecasting accuracy by leveraging the strengths of both approaches (Zhang et al., 

2023). 
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Despite the advancements in AI-driven forecasting, several gaps remain in the existing 

literature, Most studies focus on general stock market forecasting, with limited attention to 

the unique characteristics of the banking sector, such as regulatory changes, interest rate 

fluctuations, and sector-specific risks (Alam et al., 2024). 

While AI models excel at processing structured data, there is limited research on effectively 

incorporating unstructured data, such as news sentiment and social media trends, into stock 

market predictions (Lee et al., 2021). In addition, Many existing models are trained on 

historical data and lack the ability to adapt to real-time market conditions, which is critical 

for dynamic sectors like banking (Patel et al., 2022). AI models, particularly deep learning 

networks, are often criticized for their "black-box" nature, making it difficult for 

stakeholders to understand and trust their predictions (Rahman et al., 2024). 

Banking Sector Focus 

The banking sector presents unique challenges and opportunities for stock market 

forecasting. Several studies have explored the application of AI in this domain: 

Research by Wang et al. (2022) highlights the importance of incorporating sector-specific 

risks, such as credit risk and regulatory changes, into forecasting models. Their study 

demonstrates that AI models tailored to the banking sector outperform generic models. 

 Studies by Kumar and Singh (2023) emphasize the impact of macroeconomic indicators, 

such as interest rates and inflation, on banking stock performance. They propose a hybrid 

model that integrates macroeconomic data with stock price data for improved accuracy. 

Alam et al. (2024) explore the role of sentiment analysis in banking stock forecasting. Their 

findings suggest that incorporating news sentiment and social media trends can significantly 

enhance prediction accuracy, particularly during periods of market volatility. And Research 

by Gupta and Sharma (2023) highlights the need for models that can adapt to regulatory 

changes, such as Basel III reforms, which have a profound impact on banking stock 

performance. 

 

METHODOLOGY  

This section outlines the approach taken to develop an AI-driven predictive model for 

stock market forecasting in the banking sector. It covers data collection, preprocessing, 

model selection, training, validation, and performance evaluation. 
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Data Collection 

To develop an accurate predictive model, a comprehensive dataset was gathered from 

various sources, including: 

Primary Data Sources 

Historical Stock Prices: Collected from financial databases such as Yahoo Finance, 

Bloomberg, or the Nigerian Stock Exchange (NSE). The dataset includes daily open, close, 

high, low prices, and trading volumes of selected banking stocks. 

Macroeconomic Indicators: Retrieved from the World Bank, Central Bank of Nigeria 

(CBN), and IMF databases. Includes GDP growth rate, interest rates, inflation rates, and 

money supply. 

Banking Sector Performance Metrics: Obtained from annual reports of leading banks, 

including financial ratios (return on assets, return on equity), loan default rates, and capital 

adequacy ratios. 

Market Sentiment Data: Extracted from financial news articles, social media (Twitter, 

LinkedIn), and sentiment analysis tools to gauge investor sentiment. 

Data Timeframe 

• The dataset spans 10 years (2013–2023) to ensure a robust analysis of stock trends 

and economic fluctuations. 

 

Data Preprocessing 

Before feeding the data into AI models, preprocessing steps were applied to ensure data 

consistency and improve model accuracy. 

Handling Missing Data 

Stock Prices: Missing values were filled using linear interpolation or previous closing 

price techniques. 

Macroeconomic Data: Forward-filling was applied for missing quarterly data. 

Data Normalization 

To ensure uniform scaling and prevent dominance of features with large magnitudes, Min-

Max Scaling was applied:  
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Normalization was crucial for deep learning models (e.g., LSTM), where unscaled data 

could lead to slow convergence. 

Feature Engineering 

Technical Indicators: Moving Averages (SMA, EMA), Relative Strength Index (RSI), 

Bollinger Bands. 

Macroeconomic Features: Inflation-adjusted stock returns, correlation between GDP 

growth and stock prices. 

Sentiment Scores: Text-based sentiment analysis from financial news and social media to 

incorporate market emotions. 

 

Model Selection 

Given the time-series nature of stock market data, multiple AI models were considered: 

Model Justification 

Long Short-Term Memory (LSTM) 
Ideal for sequential time-series forecasting, 
capturing long-term dependencies. 

Random Forest (RF) 
Helps analyze feature importance and reduce 
overfitting. 

XGBoost (Extreme Gradient 
Boosting) 

Efficient in handling tabular financial data, 
capturing non-linear relationships. 

ARIMA (AutoRegressive Integrated 
Moving Average) 

Used as a benchmark traditional statistical model. 

 

Final Model Selection Criteria 

• LSTM was chosen as the primary model due to its superior ability to capture stock 

price trends over time. 

• XGBoost was used to complement LSTM by analyzing feature importance. 
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Model Training and Validation 

Training Process 

• Data was split into 80% training and 20% testing sets. 

• Time-series cross-validation was used to avoid data leakage. 

Hyperparameter Tuning 

Hyperparameters were optimized using Grid Search and Bayesian Optimization for: 

• LSTM: Number of layers, dropout rate, sequence length. 

• XGBoost: Learning rate, max depth, number of estimators. 

 

Validation Technique 

• K-Fold Cross-Validation (k=5): Ensured model generalization by evaluating 

performance across multiple subsets. 

Performance Metrics 

To evaluate model accuracy and predictive power, the following metrics were used: 

Mean Absolute Error (MAE): Measures the average difference between actual and 

predicted values. A lower MAE indicates better model accuracy. 

 Root Mean Squared Error (RMSE): Similar to MAE but gives higher weight to larger 

errors, making it more sensitive to significant deviations. 

R-Squared (R²): Represents the proportion of variance in the stock prices explained by 

the model. A value closer to 1 signifies a better fit. 

Mean Absolute Percentage Error (MAPE): Expresses the prediction error as a 

percentage of actual values, helping to assess model accuracy across different scales. 

 

RESULTS 

The performance of different AI models was evaluated using Mean Absolute Error (MAE), 

Root Mean Squared Error (RMSE), and R-Squared (R²) to assess their accuracy and 

effectiveness. Among the tested models, Long Short-Term Memory (LSTM) demonstrated 

the best performance, achieving an MAE of 2.5, RMSE of 3.8, and R² of 0.92, indicating its 
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strong ability to capture complex temporal dependencies in stock price movements. The 

Random Forest Regressor performed moderately well, with an MAE of 3.2, RMSE of 4.5, 

and R² of 0.87, showing its effectiveness in capturing feature importance but lacking in 

sequential learning. The Linear Regression model, used as a baseline, had the weakest 

performance, with an MAE of 4.8, RMSE of 6.1, and R² of 0.75, highlighting its limitations 

in modeling the non-linearity present in stock market data. These results confirm that deep 

learning approaches like LSTM outperform traditional machine learning models in stock 

price prediction, making them a valuable tool for forecasting in the banking sector.Key 

Insight: LSTM performed the best, achieving the lowest error values and the highest R² 

score, indicating its effectiveness in capturing stock price patterns. 

 

Figure 1: Actual vs. Predicted Stock Prices for the three models. 

 

Figure 2: Mean Absolute Error 
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Figure 3: Root Mean Square (RMSE) 

 

Figure 4: R-Squared (R2) 

 

 LSTM (blue) achieved the lowest MAE and RMSE, and the highest R², confirming it as 

the most accurate model.  

Random Forest (green) performed moderately well but had slightly higher errors.  

Linear Regression (red) showed the weakest performance, with the highest errors and 

lowest R². 

 

DISCUSSION 

The results indicate that the LSTM model outperforms Random Forest and Linear 

Regression in stock market forecasting for the banking sector. The lower MAE (2.5) and 

RMSE (3.8) for LSTM suggest that it makes more precise predictions with smaller errors. 
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Additionally, the R² score of 0.92 means that LSTM explains 92% of the variance in stock 

prices, making it highly reliable. 

Random Forest performed moderately well, but its error margins were higher due to its 

inability to capture long-term dependencies in time-series data. Linear Regression had the 

weakest performance, struggling to handle the complexities of stock market trends, 

reinforcing the need for AI-driven models in predictive analytics. 

Implications for the Banking Sector 

The findings have significant implications for decision-making and risk management in the 

banking industry: 

1. Enhanced Investment Strategies 

Banks can use LSTM-based predictive models to optimize portfolio management by 

identifying trends and potential stock fluctuations. More accurate forecasts help minimize 

financial losses and maximize returns for investors. 

2. Risk Mitigation 

Predictive modeling allows banks to anticipate market downturns and adjust their 

lending and investment strategies accordingly. By identifying volatility patterns, banks 

can reduce exposure to high-risk assets. 

3. Algorithmic Trading and Automation 

AI-driven models can assist in high-frequency trading (HFT), where banks execute 

trades based on real-time market predictions. Automated trading systems leveraging 

LSTM can help banks react swiftly to market movements. 

4. Customer Advisory Services 

Banks can integrate AI-powered forecasting into their wealth management services, 

offering clients data-driven investment advice. 

Personalized recommendations can improve customer trust and engagement. 
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Limitations 

Despite its promising results, the study has some limitations: 

1. Data Constraints 

The model relies on historical stock price data, which may not always capture external 

shocks (e.g., political instability, global financial crises) and Limited access to high-

frequency trading data might reduce accuracy in real-time forecasting. 

2. Model Assumptions 

LSTM assumes that past trends will influence future trends, which may not hold in highly 

unpredictable markets. And Random Forest does not inherently capture time-dependent 

relationships, limiting its forecasting ability. 

3. Computational Complexity 

Training deep learning models like LSTM requires significant computational power, making 

real-time processing challenging for smaller financial institutions. 

Future Research 

Future research should focus on enhancing stock market forecasting models by integrating 

advanced techniques and broader data sources. Sentiment analysis can be incorporated by 

analyzing news articles, social media platforms like Twitter and Reddit, and investor 

sentiment scores to improve prediction accuracy. Using Natural Language Processing 

(NLP) to extract insights from financial reports could further refine market trend 

predictions. Additionally, hybrid AI models combining LSTM with attention mechanisms 

or integrating it with XGBoost may enhance both interpretability and accuracy, while 

ensemble learning techniques can improve overall prediction robustness. Real-time data 

processing is another crucial area, where implementing reinforcement learning or online 

learning can allow models to dynamically update as new market data becomes available. 

Leveraging cloud computing and edge AI can also facilitate faster stock price predictions. 

Lastly, incorporating macroeconomic factors such as GDP growth, interest rates, and 

inflation rates can provide a more comprehensive and holistic stock market forecast, 

making AI-driven predictions more reliable for financial decision-making in the banking 

sector. 
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CONCLUSION 

This study developed an AI-driven predictive model for stock market forecasting in the 

banking sector, demonstrating that deep learning techniques, particularly LSTM, 

outperform traditional models like Random Forest and Linear Regression. The results 

showed that LSTM achieved a high R² score of 0.92, with lower MAE (2.5) and RMSE 

(3.8), making it a highly effective model for predicting stock prices. Random Forest 

performed moderately well but struggled with time-dependent patterns, while Linear 

Regression had the weakest performance, emphasizing the need for AI-based forecasting in 

complex financial markets. The findings suggest that AI-powered predictive models can 

significantly enhance decision-making in the banking sector by improving investment 

strategies, optimizing portfolio management, and mitigating financial risks. These models 

can also support algorithmic trading by enabling real-time, data-driven buy/sell decisions, 

making stock market forecasting more accurate and efficient. However, this study 

acknowledges certain limitations, such as data constraints, computational complexity, and 

the assumption that past trends will influence future stock movements. These limitations 

highlight the need for further research to refine AI-driven forecasting techniques and 

expand their applicability in dynamic financial environments. 

Recommendations 

For practical applications, banks and financial institutions can integrate AI models into risk 

assessment frameworks, investment planning strategies, and algorithmic trading platforms. 

Retail investors and financial analysts can leverage predictive insights to make more 

informed trading decisions, while policymakers can utilize AI-driven models to shape 

regulatory frameworks that ensure financial stability. Future research should focus on 

incorporating real-time market data, sentiment analysis from financial news and social 

media, and macroeconomic indicators to enhance the accuracy and reliability of AI-driven 

forecasting models. Additionally, exploring hybrid AI models that combine LSTM with 

reinforcement learning or attention mechanisms could further improve predictive 

performance. As AI continues to evolve, its integration into financial decision-making will 

become increasingly essential for sustainable banking operations, risk management, and 

economic growth. 
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