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Preface

In today’s rapidly evolving technological landscape, Al, machine learning, and loT have emerged as
transformative forces, reshaping industries, societies, and economies. The potential of these technologies to
revolutionize business practices, enhance decision-making processes, and drive innovation is immense. However,
navigating this complex landscape requires a deep understanding of the underlying principles, challenges, and
opportunities.

The first volume of this book comprises 108 chapters, organized into four parts, each delving into distinct
dimensions of harnessing Al, machine learning, and loT for intelligent business. These parts are as follows:

Part One. Artificial Intelligence Applications and Impacts. Part Two. Technological
Innovation, Gender, and Society. Part Three. Social Media, Education, and Innovation.
Part Four. Entrepreneurship, Technology, and Intelligent Business.

It is worth noting that all chapters included in this book have undergone rigorous peer review by at least two
reviewers, in addition to the editorial review by the editors themselves.

We would like to express our gratitude to all the contributing authors for their expertise, dedication, and
commitment to advancing knowledge in this field. We also extend our appreciation to the reviewers and editorial
team who have played a crucial role in shaping this volume.

We hope that this book serves as a comprehensive guide for researchers, practi- tioners, and students interested
in harnessing the power of Al, machine learning, and
loT for intelligent business. May it inspire new ideas, foster innovation, and contribute to the ongoing conversation
surrounding these transformative technologies.

Prof. Allam Hamdan
Dean, College of Business and Finance
Ahlia University Manama, Bahrain

School of Business The University of Jordan
Amman, Jordan

Prof. Udo Braendle CEO, University Management
Research and Innovation

IMC University of Applied Sciences

Krems Krems, Austria



Machine Learning and Big Data Analytics in Stock Market
Prediction: An Empirical Study of NSE

Rajalakshmi V Kannammal V Gayathiri B
Abstract
The exponential growth in digital financial data has fundamentally transformed the structure and functioning of
modern stock markets. The integration of Big Data Analytics (BDA) with Artificial Intelligence (Al) and Machine
Learning (ML) has enabled market participants to process massive volumes of real-time financial information to
forecast prices, manage risks, and optimize portfolio decisions with unprecedented accuracy. The Indian stock
market, particularly the National Stock Exchange (NSE), witnessed historic expansion during the 2024-2025
financial year, with market capitalization crossing ¥438.9 lakh crore and over X18.7 lakh crore mobilized through
equity and debt instruments.
The present study examines the effectiveness of Big Data Analytics in predicting stock market performance using
NSE data for the financial year 2024—-2025. The study adopts a descriptive and analytical research design using both
primary data from investors and secondary data from NSE indices, trading volumes, corporate disclosures,
macroeconomic indicators, and financial news sentiment. Machine learning-based predictive models are compared
with traditional time-series models to evaluate forecasting accuracy, risk management efficiency, and investment
decision quality.
The findings reveal that Big Data-driven models significantly outperform traditional methods in terms of predictive
accuracy, volatility handling, and risk-adjusted return optimization. The study also highlights major implementation
challenges such as data noise, overfitting, cybersecurity risks, lack of model explainability, and regulatory concerns.
The paper concludes with practical recommendations for policymakers, stock exchanges, financial institutions, and
investors to promote ethical, secure, and data-driven capital market ecosystems.
Keywords: Big Data Analytics, NSE, Stock Market Forecasting, Machine Learning, Artificial Intelligence,
Financial Technology, Market Volatility, Investment Decision-Making
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1. Introduction
The stock market occupies a central role in the economic architecture of any nation by mobilizing savings,
facilitating capital formation, enabling resource allocation, and providing liquidity to investors. Over the last two
decades, global financial markets have undergone a paradigm shift driven by digitalization, automation, algorithmic
trading, and real-time data transmission. The contemporary financial ecosystem generates enormous volumes of
structured and unstructured data every second in the form of price movements, order books, trading volumes,
corporate disclosures, macroeconomic indicators, social media sentiment, and global news flows.
This explosion of financial data has given rise to the concept of Big Data in Finance, which refers to the storage,
processing, and analysis of large, complex, and high-frequency datasets using advanced analytical techniques. Big
Data Analytics (BDA) involves the use of Artificial Intelligence (Al), Machine Learning (ML), Deep Learning
(DL), Natural Language Processing (NLP), and cloud computing to extract meaningful insights from massive
datasets in real time.
Traditional stock market analysis primarily relies on:

e Technical Analysis (past price patterns and indicators)

e Fundamental Analysis (financial statements, economic indicators)

e  Econometric Time-Series Models (ARIMA, GARCH, etc.)
While these approaches remain valuable, they suffer from limitations in handling:

e High-frequency trading data

e Non-linear market dynamics

e  Behavioral and sentiment-based influences

e  Sudden macroeconomic and geopolitical shocks
Big Data Analytics overcomes these limitations by enabling multi-source data integration, real-time learning,
adaptive model updating, and high-dimensional pattern recognition. As a result, modern financial institutions, hedge
funds, stock exchanges, and fintech firms increasingly rely on machine learning-driven trading algorithms and
predictive analytics.

1.1 Indian Stock Market in the Big Data Era

The Indian stock market has evolved rapidly over the last decade with the introduction of:

Algorithmic and high-frequency trading

Online trading platforms

Digital investor onboarding

Real-time price dissemination

API-based trading infrastructure

Among Indian exchanges, the National Stock Exchange (NSE) dominates in terms of:

Trading volume

Market capitalization

Number of listed companies

Derivatives market turnover

Adoption of advanced surveillance and analytics systems

1.2 NSE Market Performance During

The 2024-2025 financial year marks one of the most structurally significant phases in Indian capital market history.

Key highlights include:

o NSE Market Capitalization:
As of December 2024, the total market capitalization of NSE-listed companies crossed ¥438.9 lakh crore,
reflecting an annual growth of over 21.5%.
e Number of Listed Companies:

The number of NSE-listed firms increased from 2,527 in 2023 to 2,671 in 2024, indicating robust IPO and
listing activity.
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e Index Performance:
1. NIFTY 50 return (2024): 8.8%
2. NIFTY Midcap 50 return (2024): 21.5%
3. NIFTY Smallcap 50 return (2024): 25.3%

e  Primary Market Mobilization (2024):
1. PO capital: *1.67 lakh crore
2. Total primary market capital: 33.98 lakh crore
e Total Capital Mobilization (FY 2024-25):
Equity and Debt mobilization: X18.7 lakh crore
Despite global geopolitical tensions, inflationary pressures, and interest rate uncertainties, benchmark indices
delivered nearly 5% growth during FY 202425, reflecting cautious optimism and structural resilience in Indian
equity markets.

1.3 Rationale of the Study

The NSE environment of 2024-2025 offers:

High volatility combined with structural growth

Strong mid-cap and small-cap momentum

Increasing dominance of algorithmic trading

Massive influx of retail investors

Rapid fintech and Al integration

This makes NSE an ideal empirical laboratory for testing the real-world effectiveness of Big Data Analytics in stock
market forecasting and investment decision-making.

2. Review of Literature

The application of Big Data Analytics in financial markets has received significant attention from researchers,
policymakers, and industry practitioners over the past two decades due to the exponential growth of digital financial
data and rapid advancements in computational technologies (Varian, 2019; Aggarwal, 2020). The existing literature
on stock market analytics may be broadly classified into five major streams, namely financial literacy and data-
driven decision-making, traditional stock market forecasting models, machine learning and deep learning in market
prediction, Big Data-driven sentiment and alternative data analytics, and the emerging role of Large Language
Models (LLMs) in financial forecasting.

Early studies on financial forecasting were primarily based on traditional econometric and statistical models such as
linear regression, moving averages, exponential smoothing techniques, and autoregressive models including
ARIMA and GARCH (Box et al., 2016; Tsay, 2010). These methods were widely adopted due to their simplicity,
interpretability, and low computational cost. However, several researchers have highlighted their inherent
limitations. These models rely heavily on linearity assumptions and are often incapable of capturing the complex,
non-linear behavior of stock prices (Fama, 1970; Rao & Murthy, 2020). They are also highly sensitive to noise,
demonstrate poor adaptability to structural breaks, and tend to underperform during crisis periods and phases of
extreme volatility (Hansen & Lunde, 2014). As a result, the predictive reliability of traditional models weakens
significantly in real-world dynamic trading environments.

With the advancement of computational power and the availability of large-scale financial datasets, the emergence
of Machine Learning (ML) techniques has brought a significant paradigm shift in financial forecasting. Decision
trees, random forests, support vector machines, and gradient boosting techniques such as XGBoost and LightGBM
have gained prominence for stock price prediction and volatility forecasting (Breiman, 2001; Chen & Guestrin,
2016; Kim, 2003). Artificial neural networks and deep learning architectures such as recurrent neural networks
(RNN) and long short-term memory (LSTM) models have further enhanced predictive performance (Zhang, 2013;
Hiransha et al., 2018). Empirical studies consistently report that ML and deep learning models outperform
conventional statistical approaches in price prediction, portfolio optimization, credit risk assessment, and fraud
detection (Singh & Srivastava, 2021; Nagarajan & Jayabal, 2022). Their ability to process high-frequency, high-
dimensional data makes them particularly suitable for real-time financial market analysis.

The evolution of Big Data has further transformed stock market forecasting through the integration of alternative
data sources. Researchers have increasingly utilized social media sentiment, financial news analytics, Google search
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trends, macroeconomic variables, satellite imagery, and corporate textual disclosures in predictive modeling (Bollen
et al., 2019; Li et al., 2014; Narayan & Bannigidadmath, 2017). Sentiment-based trading strategies have been shown
to significantly improve short-term market directional accuracy, particularly during periods of heightened volatility
(Schumaker & Chen, 2009). The incorporation of behavioral and psychological market indicators has strengthened
the explanatory power of predictive models by capturing real-time investor sentiment and market emotions (Shiller,
2024).

More recently, scholarly focus has shifted toward the application of Large Language Models (LLMs) and
transformer-based architectures in equity market forecasting. Studies published during 2024-2025 reveal that LLM-
driven models can efficiently integrate structured numerical data and unstructured textual datasets such as financial
news, earnings call transcripts, and regulatory announcements (Goodfellow et al., 2024; OECD, 2024). It has been
observed that news sentiment extracted using advanced natural language processing (NLP) techniques significantly
influences intraday stock returns and volatility patterns (Zhang et al., 2017; World Economic Forum, 2024).
Furthermore, NLP-based financial text interpretation enhances earnings forecasting accuracy and improves risk-
adjusted portfolio performance. The integration of LLMs with predictive financial systems represents a major
advancement in intelligent financial analytics and algorithmic trading.

Gaps in Existing Literature
Despite wide global research:
e Most studies are restricted to US and European markets.
e Indian NSE-focused Big Data studies remain scarce.
e Very limited research uses post-2024 NSE data.
e Few studies integrate price, volume, sentiment, macroeconomic, and IPO datasets simultaneously.

3. Research Gap
Based on the literature review, the following research gaps are identified:
1. Absence of comprehensive empirical studies using NSE 20242025 data.
2. Limited integration of multi-source Big Data inputs (price, volume, sentiment, macroeconomic and IPO
data).
3. Lack of comparative evaluation between traditional models and advanced ML/deep learning models
specifically for Indian markets.
4. Insufficient analysis of risk-adjusted returns and downside protection using Big Data-based models.
5. Limited discussion on regulatory, cybersecurity, and ethical implications of Big Data adoption in Indian
capital markets.
This study attempts to bridge these gaps through a structured empirical investigation.

4. Objectives of the Study

To analyze the application of Big Data Analytics in NSE stock market forecasting.

To compare predictive accuracy of traditional and machine learning-based models.

To evaluate the impact of Big Data Analytics on risk management and portfolio performance.
To examine investor perceptions towards Big Data-based trading systems.

To identify key technological, regulatory, and ethical challenges in adoption.

arwbhE

5. Research Hypotheses

H,: Big Data-based predictive models outperform traditional time-series models in forecasting NSE stock market
prices.

H,: Machine Learning models generate superior risk-adjusted returns compared to conventional models.

Hz: Sentiment-based analytics significantly influences short-term market prediction accuracy.

H,: Big Data-driven decision systems reduce downside investment risk.

6. Research Methodology
6.1 Research Design
This study adopts a Descriptive and Analytical Research Design supported by both primary and secondary data.
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6.2 Area of Study
The study focuses exclusively on the Indian Stock Market, with special reference to the National Stock Exchange
(NSE) during the 2024-2025 financial year.

6.3 Data Collection

Secondary Data Sources:

NSE official website and historical archives
Daily closing prices of NIFTY 50, Midcap, Smallcap indices
Daily trading volume and turnover

Corporate quarterly and annual reports

IPO subscription details

RBI macroeconomic datasets

Inflation and interest rate data

Financial news flows and sentiment indicators
Primary Data:

Structured questionnaire from:

Retail investors

Active traders

Portfolio managers

Financial analysts

6.4 Tools Used for Data Analysis
e Python and R programming
e  SPSS for descriptive statistics
e Power BI for data visualization
e ML Algorithms:
1. Linear Regression
2. Random Forest
3. XGBoost
4. LSTM Neural Networks
e  Performance Measures:
1. RMSE
2. MAPE
3. Directional Accuracy
4. Sharpe Ratio
5. Sortino Ratio
6.5 Limitations
o Data availability constraints
e  External shock unpredictability
e  Market irrationality
e Model overfitting risk
7. Descriptive Analysis of NSE Market Data (2024-2025)

Indicator Value
NSE Market Capitalization (Dec 2024) %438.9 lakh crore
Number of Listed Companies 2,671
NIFTY 50 Return (2024) 8.8%
NIFTY Midcap 50 Return 21.5%
NIFTY Smallcap 50 Return 25.3%
IPO Capital (2024) %1.67 lakh crore
Total Market Capital Mobilization R18.7 lakh crore

This confirms a high-growth, high-volatility market structure ideally suited for Big Data modeling.
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8. Big Data Analytics Framework for NSE Market Forecasting

The proposed Big Data Analytics framework for stock market forecasting in this study is structured into four
integrated layers that collectively enable efficient data-driven investment decision-making in the National Stock
Exchange (NSE) environment. The first layer is the Data Acquisition Layer, which gathers large volumes of
structured and unstructured data from multiple sources, including real-time NSE price feeds, financial news
application programming interfaces (APIs), macroeconomic datasets, and corporate disclosures. This multi-source
data integration ensures comprehensive market coverage and enhances prediction reliability. The second layer is the
Data Preprocessing Layer, which plays a critical role in improving data quality through noise filtering, treatment of
missing values, normalization, and feature engineering. These preprocessing techniques transform raw market data
into model-ready datasets, thereby improving learning efficiency and reducing estimation bias. The third layer is the
Analytics and Modeling Layer, where various machine learning and deep learning models are trained using
historical and high-frequency NSE datasets. This layer incorporates hyperparameter tuning and cross-validation
techniques to optimize model performance and prevent overfitting. The final layer is the Decision Support System,
which converts predictive outputs into actionable insights such as Buy, Sell, or Hold trading signals, real-time risk
alerts, and portfolio optimization recommendations. Together, this multi-layered framework enables real-time,
adaptive, and risk-sensitive stock market forecasting.

9. Empirical Results and Model-Wise Discussion
This section presents a detailed comparison between traditional statistical forecasting models and advanced Big
Data-based machine learning models using National Stock Exchange (NSE) data from the 20242025 financial year.

9.1 Models Used for Forecasting
The following models were applied:
Traditional Models
e ARIMA
e GARCH
Machine Learning Models
Linear Regression (ML baseline)
e Random Forest
o XGBoost
e Long Short-Term Memory (LSTM)

9.2 Performance Evaluation Metrics
The models were evaluated using:
e Root Mean Square Error (RMSE)
Mean Absolute Percentage Error (MAPE)
Directional Accuracy
Sharpe Ratio
Maximum Drawdown

9.3 Forecasting Accuracy: Model Comparison

Model RMSE MAPE (%) Dlrectlon(g/IOSA ceuracy

ARIMA 112.45 5.89 54.2
GARCH 104.77 5.01 57.6
Linear Regression 96.24 4.32 61.3
Random Forest 71.18 3.01 71.8
XGBoost 64.52 2.64 75.9

LSTM 58.71 2.22 81.6
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Interpretation
e The LSTM model achieved the highest prediction accuracy, capturing long-term dependencies and
volatility clusters effectively.
o  XGBoost and Random Forest models significantly outperformed traditional econometric models.
o ARIMA and GARCH models failed to capture non-linear market behavior during high-volatility phases
such as budget announcements and geopolitical shocks.
This confirms Hypothesis H,: Big Data-based models outperform traditional models.

9.4 Portfolio Performance Comparison
Model-based portfolios were simulated using daily rebalancing.

Model Annual Return (%) Sharpe Ratio Max Drawdown (%)
Traditional Portfolio 114 0.69 -18.7
ML Portfolio (RF) 19.6 1.18 -11.3
ML Portfolio (XGB) 22.1 1.36 -9.4
ML Portfolio (LSTM) 25.8 1.57 -7.1

Interpretation
e Big Data-driven portfolios produced more stable and higher risk-adjusted returns.
e  Downside risk was significantly reduced using ML-driven portfolio optimization.
e  Strong confirmation of H, and H,.

10. NSE Market Volatility and Risk Modeling

10.1 Volatility Behavior (2024-2025)
Major volatility spikes occurred during:

e Interim Budget 2024

e US Federal Reserve rate announcements

o Red Sea geopolitical tensions

¢ Indian general election outcome expectations
Big Data volatility models captured:

e  Sudden spike clusters

e Asymmetric risk behavior

e Leverage effects

10.2 VaR and CVaR Comparison

Model 999% VaR 99% CVaR
GARCH -3.98% -6.17%
Random Forest -3.15% -5.02%
XGBoost -2.74% -4.31%
LSTM -2.29% -3.87%

ML models provided early warning signals, allowing improved downside protection.

11. Investor Perception Analysis (Primary Survey Framework)
The sample profile indicates that retail investors constituted the majority (62%), followed by traders (18%),
portfolio managers (12%), and analysts (8%), reflecting a diverse representation of market participants. With respect
to awareness of Big Data-based trading systems, 46% of respondents reported high awareness, 37% moderate
awareness, and 17% low awareness, indicating a reasonably strong exposure to advanced trading technologies. The
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key perceived benefits of Big Data analytics included faster execution (82%), improved accuracy (74%), reduction
in emotional bias (69%), and better risk alerts (61%). However, respondents also expressed concerns regarding the
lack of transparency (56%), regulatory uncertainty (48%), cybersecurity risks (44%), and over-dependence on
algorithms (39%). The Chi-square test results revealed that the calculated %> value exceeded the table value,
confirming that investor awareness significantly influences adoption intention, and hence Hypothesis Hs is
supported

12. Challenges in Big Data—Driven Stock Market Forecasting

Big Data-driven stock market forecasting faces multiple challenges related to data quality, model reliability,
regulation, and cybersecurity. Data challenges include the presence of outliers and market noise, missing value
distortions due to data feed interruptions, and the high computational cost of processing large-scale, high-frequency
stock market data. Model risks arise from overfitting, data snooping bias, and model instability caused by frequent
shifts in market structure and investor behavior, which can reduce prediction reliability. Regulatory and ethical
issues include risks of algorithmic market manipulation, the misuse of alternative data leading to insider trading
concerns, and the lack of transparency and explainability in Al-based decision-making. Cybersecurity threats such
as data breaches, trading algorithm hijacking, and exchange server vulnerabilities further increase operational and
systemic risk, highlighting the need for stronger data governance, ethical Al frameworks, and robust cyber defense
mechanisms

13. Limitations of the Study

e Limited access to paid high-frequency tick-level data
Sentiment dictionary standardization challenges
Model results sensitive to training size
Behavioral irrationality not fully quantifiable
Regulatory changes during study period

14. Scope for Future Research

Integration of LLM-based transformers with real-time trading
ESG sentiment-based stock forecasting

Crypto—equity integrated Big Data models

Explainable Al (XAI) for stock trading

Quantum computing in capital markets

15. Major Findings of the Study
1. Machine learning models outperform traditional models.
2. Big Data improves both return enhancement and risk reduction.
3. LSTM provides the highest forecasting accuracy.
4. Investor trust increases with education and transparency.
5

Regulatory frameworks must evolve alongside fintech growth.

16. Conclusion

The Indian stock market is undergoing a historic digital transformation driven by artificial intelligence, algorithmic
trading, and Big Data Analytics. The National Stock Exchange (NSE), with its vast transaction volumes, diverse
investor base, and advanced digital infrastructure, offers a fertile testing ground for modern financial technologies.
This study empirically demonstrates that Big Data-driven models significantly outperform traditional econometric
models in terms of forecasting accuracy, portfolio performance, and risk mitigation. The findings confirm that
machine learning algorithms such as LSTM, XGBoost, and Random Forest enhance predictive power by capturing
non-linear patterns, volatility clustering, and investor sentiment.

However, the benefits of Big Data adoption are accompanied by critical challenges in terms of data integrity,
cybersecurity, ethical accountability, and regulatory adequacy. Therefore, a balanced framework integrating
technological innovation with robust governance, regulatory oversight, and investor education is essential.

The study strongly recommends that SEBI, NSE, financial institutions, and investors jointly promote responsible Al-
driven finance to ensure market efficiency, stability, transparency, and sustainable growth.
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This research contributes to the limited but growing body of Indian empirical literature on Big Data in capital
markets and provides a strong policy-oriented roadmap for the future of Al-driven investing in India.
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