International Journal of Research Publication and Reviews, Vol (6), Issue (5), May (2025), Page — 10653-10658

International Journal of Research Publication and Reviews

Journal homepage: www.ijrpr.com ISSN 2582-7421

WWW.IJRPR.COM

Predictive Analytics for Stock Market Forecasting Using Machine
Learning

Dr. Lalitha. T, Chaithrashree. K. N2

1 Department of Computer Science Engineering and Information Science, Presidency University, Banglore, India
lalithasrilekha31@gmail.com

2 Master of Computer Applications, Presidency University, Banglore, India

chaithrashreechaithra4@gmail.com

ABSTRACT:

Forecasting stock market trends is one of the most challenging tasks in financial analysis due to market volatility and non-linear behavior. This paper proposes a
predictive analytics framework utilizing historical stock data and machine learning algorithms such as Linear Regression, Random Forest, Support Vector
Regression (SVR), and Long Short-Term Memory (LSTM) networks. Experimental results demonstrate that deep learning models capture complex patterns better
than traditional models, resulting in improved forecasting accuracy. Proper feature engineering, model tuning, and evaluation play critical roles in achieving robust
performance.
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l. Introduction:

The stock market plays a critical role in the global economy by providing a platform for companies to raise capital and for investors to grow their wealth.
However, the stock market is highly volatile, influenced by numerous factors such as political events, economic conditions, company performance, and
investor sentiment.This volatility makes predicting stock prices extremely challenging.

Traditional forecasting techniques like ARIMA, Moving Averages, and linear regression models have been used for decades. While these methods can
model linear relationships reasonably well, they struggle to capture the complex, non-linear, and dynamic nature of stock market behavior. As a result,
there is a growing need for more advanced methods that can handle large, complex datasets and uncover hidden patterns.

Recent advancements in Atrtificial Intelligence (Al) and Machine Learning (ML) have opened new possibilities for financial forecasting. Machine learning
models are capable of learning from vast amounts of historical data, identifying intricate patterns, and adapting to changing market conditions. In
particular, deep learning models such as Long Short-Term Memory (LSTM) networks have shown great promise in time-series forecasting due to their
ability to retain memory over long sequences.

This research focuses on applying machine learning models like Linear Regression, Random Forest, Support Vector Regression (SVR), and LSTM to
predict future stock market trends. The study emphasizes the importance of data preprocessing, feature engineering, model training, and performance
evaluation to develop an efficient and accurate predictive system. By leveraging machine learning, investors can potentially make more informed
decisions, manage risks better, and optimize investment strategies.

I1. Problem Statement

Forecasting stock market prices accurately remains a major challenge due to the complex, dynamic, and non-linear nature of financial markets. Stock
prices are influenced by a wide range of factors, including economic indicators, political events, market sentiment, and company-specific news, making
predictions highly uncertain.
This research focuses on exploring how predictive analytics, powered by machine learning models, can enhance the accuracy of stock market forecasting.
Specifically, it aims to answer:
. Can machine learning models such as LSTM, Random Forest, and SVR outperform traditional statistical approaches in predicting stock price
movements?
e How effective are these machine learning techniques in forecasting the next day’s closing price based on historical stock data and engineered
technical indicators?
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I11. Objectives

. Preprocess and clean historical stock market data.

e  Engineer technical features such as moving averages and RSI.

e Train machine learning models and evaluate their performance.

e  Compare Linear Regression, Random Forest, SVR, and LSTM models.
e Propose future improvements based on results and limitations.

V. Literature Review

Previous research has explored various predictive analytics techniques for stock market forecasting using machine learning models:

e  H. Fischer and B. Krauss (2018) investigated the use of deep neural networks for predicting the directional movement of stocks within the
S&P 500 index. Their study demonstrated that deep learning models achieved modest but consistent improvements over random baselines,
suggesting the potential of machine learning in financial forecasting.

®  Zhang et al. (2019) applied Long Short-Term Memory (LSTM) networks to model financial time series data, effectively capturing long-term
dependencies. Their results showed that LSTM models outperformed traditional statistical methods like ARIMA in forecasting stock price
trends, highlighting the strength of deep learning in sequential data analysis.

e  Patel et al. (2015) conducted a comparative study using Support Vector Machines (SVM), Random Forest, and Artificial Neural Networks
(ANN) on Indian stock market data. The findings revealed that Random Forest models achieved the highest prediction accuracy, particularly
when combined with technical indicators and feature selection techniques.

These studies collectively confirm that machine learning and deep learning models, when carefully tuned, validated, and combined with appropriate data
preprocessing and feature engineering, can significantly enhance the accuracy of stock market price predictions compared to traditional forecasting
methods.

A. Dataset Description

The dataset consists of historical stock market data collected from publicly available sources such as Yahoo Finance using the yfinance APl and NSE/BSE
databases.
The key attributes included are:
®  Open Price
High Price
Low Price
Close Price
Volume
®  Previous Day Close
The dataset covers daily stock price movements for major Indian banking stocks under the NSE Bank Nifty index over a period of three years.

B. Data Preprocessing

To prepare the dataset for machine learning model training, the following preprocessing steps were performed:
e  Handling Missing Values: Missing and null values were imputed using forward-fill and interpolation methods.
e  Removal of Outliers: Unusual spikes in volume and price were detected and removed to ensure data quality.
e  Feature Scaling: Min-Max Normalization was applied to scale numerical attributes, especially important for algorithms like SVR and LSTM
that are sensitive to data magnitude.

C. Feature Engineering

In addition to the original dataset attributes, new features were created to capture essential stock behavior patterns:
. Price Change = Close - Open
. Price Range = High - Low
e  5-Day Moving Average
. 10-Day Moving Average
. Relative Strength Index (RSI)
e  Volume Change Ratio

These technical indicators helped improve model performance by providing deeper insights into market trends.
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D. Models Applied

Various machine learning and deep learning models were implemented and evaluated:
®  Linear Regression:
Used as a benchmark for numerical forecasting of stock prices.
e  Random Forest Regression:
Deployed to capture complex non-linear relationships in the stock market data.
®  Support Vector Regression (SVR):
Applied for high-dimensional feature spaces and better generalization in noisy financial data.
e  Long Short-Term Memory (LSTM) Networks:
Utilized to model temporal dependencies in stock prices over time. LSTM is particularly powerful for sequential financial forecasting tasks.
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FIGURE 1. Stock Price Trend With Moving Averages.
E. Model Training and Tuning

e  Data Split: The dataset was divided into 80% training and 20% testing sets.

e  Hyperparameter Optimization:Random Forest and SVR models were fine-tuned using Grid Search Cross-Validation.

e LSTM Network Architecture:Configured with two hidden LSTM layers, each containing 50 neurons.

e  Dropout layers were used to prevent overfitting.Early stopping was applied to terminate training when validation loss stopped improving.

. Evaluation Metrics:Mean Absolute Error (MAE), Root Mean Square Error (RMSE), and R2 Score were used to evaluate model performance.

V1. Results and Evaluation
A. Evaluation Metrics
(] Rz Score

®  Mean Absolute Error (MAE)
e  Root Mean Squared Error (RMSE)

Model R2 Score RMSE MAE
Linear Regression 079 400 310
Rand Forest

andorm o1 085 320 240
Regression
Support Vector
Regression 0.82 350 270
LSTM Model 0.88 290 220
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B. Interpretation

e  The LSTM model outperformed others in terms of R2 and RMSE, thanks to its ability to capture temporal dependencies.
e  Random Forest showed robust performance, indicating that ensemble methods effectively model non-linear patterns.
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FIGURE 2. Structure of an LSTM cell.

VII. Discussion

e  The application of machine learning models such as Random Forest, Support Vector Regression (SVR), and Long Short-Term Memory
(LSTM) networks demonstrated a significant improvement in stock price forecasting accuracy compared to traditional linear models like
Linear Regression.

. Despite improvements, stock market prediction remains inherently challenging due to the unpredictable impact of external factors, such as
political instability, economic crises, global pandemics (e.g., COVID-19), and sudden regulatory changes, which introduce volatility and noise
into financial data.

e  The current methodology based solely on historical stock prices and technical indicators has limitations. Integrating alternative data sources
such as financial news, macroeconomic indicators, and social media sentiment analysis (e.g., Twitter feeds, news headlines) could enhance
the predictive capabilities of machine learning models by capturing market sentiment and broader economic signals.

e  Furthermore, advanced deep learning architectures like Transformer-based models (such as BERT and its financial variants) offer significant
potential for understanding complex financial texts and sentiments, thereby opening new opportunities for improving stock market forecasting
models.

e  Future work can also explore hybrid models that combine time-series models (like LSTM) with text analysis models (like BERT) to capture
both numerical trends and sentiment-driven market movements.
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FIGURE 3. Open of the Date .
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VIII. Challenges in Stock Market Prediction

1. High Volatility and Noise in Data:
The stock market is inherently volatile and affected by numerous unpredictable factors. Data from the market often contains noise, making it
difficult for models to identify trends accurately.

e  Recommendation: You may consider techniques like smoothing or noise reduction (e.g., Kalman filters) and use models robust to volatility,
such as Random Forests or LSTM networks, which are good at handling sequential dependencies in noisy data.

2. Overfitting Risk Due to Model Complexity:
Complex models, especially deep learning ones, risk overfitting to historical data, where they perform well on training data but fail to
generalize on unseen market conditions.

e  Recommendation: Implement cross-validation techniques, use simpler models or regularization techniques (e.g., L2, L1 regularization), or
employ ensemble methods to mitigate overfitting.

3. Non-Stationary Behavior of Time-Series Data:

e  Stock prices often follow non-stationary processes, meaning their statistical properties (mean, variance, etc.) change over time. This poses a
challenge for traditional time series models like ARIMA.

e  Recommendation: Consider using models that can adapt to non-stationarity, like LSTM networks (which learn temporal dependencies) or
hybrid models (combining ARIMA with neural networks for better performance).

4. Data Latency and Real-Time Prediction Challenges:

e  Predicting stock market trends in real-time requires the integration of up-to-date data, including financial news, social media sentiment, and
market data, with very low latency.

e  Recommendation: For real-time prediction, a continuous learning model that updates with the latest data or reinforcement learning can be
considered. Use of APIs to collect financial news in real-time can help.

IX. Future Scope

1. Incorporating Real-Time Financial News and Social Media Sentiment:
®  The stock market is influenced by public sentiment, including news events and social media trends. Predicting market movement based on
news and sentiment analysis can add immense value to your models.
e  Recommendation: Use Natural Language Processing (NLP) models to analyze the sentiment of financial news or social media platforms like
Twitter and integrate it with your stock prediction model.

2. Applying Reinforcement Learning for Dynamic Trading Strategies:
e  Reinforcement learning (RL) can be applied to build dynamic trading strategies by rewarding models for making profitable trades and
penalizing them for losses. This can enable adaptive and autonomous trading agents.
e  Recommendation: Look into RL algorithms like Q-learning or deep Q-networks (DQN) for continuous decision-making in a volatile
environment.

3. Exploring Hybrid Models Combining ARIMA with Deep Learning:
e Hybrid models that combine the strengths of classical statistical methods (like ARIMA) with deep learning (such as LSTMs) can handle both
linear and non-linear patterns in stock data.
e  Recommendation: Explore hybrid models where ARIMA models capture the linear components of stock price movements, while LSTMs or
other deep learning models learn the non-linear patterns.

4. Using Blockchain-Driven Decentralized Financial Data for More Secure Modeling:

®  Blockchain technology offers decentralized, immutable, and transparent financial data. Using blockchain for secure modeling can reduce fraud
risks and enhance model integrity.

e  Recommendation: Research the integration of blockchain for financial data and explore using decentralized finance (DeFi) platforms to
gather secure and transparent data for modeling.

X. Conclusion

Al and Machine Learning in Stock Market Forecasting:
e Al and machine learning are indeed transforming stock market forecasting. With the right data sources, features, and models, predictions can
achieve high accuracy despite the inherent complexity and volatility of the market.
e  Future Directions: Continuous advancements in incorporating alternative data (e.g., social media sentiment, financial news) and enhancing
model architectures (e.g., hybrid models, ensemble learning) are promising avenues for improvement.
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