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ABSTRACT

U.S. financial markets grow more intricate each day, so investors turn to machine learning models for better market
volatility predictions. This research reviews Machine Learning models that predict market volatility by looking at
their approaches and measuring how effectively they forecast volatility. The review starts with the examination of
traditional time-series models and demonstrates their weaknesses in recognizing complex market volatility
movements. The analysis then focuses on advanced Machine Learning models. Each model’s strengths and weaknesses
are scrutinized in the context of volatility forecasting. The paper explores the pivotal role of feature selection and
engineering in enhancing the predictive power of ML models for volatility forecasting. Feature sets encompassing
financial indicators, macroeconomic variables, sentiment analysis from news articles, and social media data are
analyzed for their impact on forecasting accuracy. The review examines how accurate these prediction models are at
spotting market volatility. This review explains how machine learning models predict market volatility by showing
the various methods used while discussing their strengths and weaknesses. The insights from our research benefit
Machine Learning scientists, business experts, and investors who plan to use Machine Learning methods to better
handle market volatility. The outcome of this research points towards the need for continual developments in machine
learning models for better prediction of volatility.
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INTRODUCTION

Research on volatility forecasting remains central within financial literature as multiple investigations are conducted
on statistical and econometric models according to Dhingra et al. (2024). The volatility domain has used GARCH and
its derivative models as its foundational measuring tools since their conception (Rohilla, 2023). The financial crisis of
2007-2008 revealed major limitations within traditional modeling approaches which led researchers to explore
sophisticated alternatives (Ramos-Pérez et al., 2019; Adebayo et al., 2025; Amoako et al., 2025).

Investors need accurate market volatility predictions to make good investment choices while reducing exposure to
risks and creating reliable trading plans. In recent years, machine learning techniques have improved how well market
volatility is predicted (Rouf et al., 2021; Adebayo et al., 2025; Sadhukhan et al., 2022). Researchers must tackle
multiple moving elements to predict market volatility with confidence. Traditional approaches predicting market
volatility failed because financial markets remain unpredictable and volatile (Rouf et al., 2021; Christensen et al.,
2023). As aresult, there has been growing interest in employing Machine Learning to enhance volatility forecasting
as Machine Learning technology proves more effective than prior methods as Zhang and Lei (2022) explained. Recent
studies show that integrating Machine Learning into volatility forecasting will upgrade the field with stronger and
more exact predictive tools (Kumar et al., 2022; Sen & Chaudhuri, 2017; Soni et al., 2022).

‘&) 2025 EPRA EBMS | httpsy//eprajournals.com/ Journal DOI URL: https://doi.org/10.36713/epral013
76



https://eprajournals.com/
https://doi.org/10.36713/epra1013
https://doi.org/10.36713/epra20998

-

Journal DOI: 10.36713/epra1013 | SJIF Impact Factor (2025): 8.619 ISSN: 2347-4378

&} EPRA International Journal of Economics, Business and Management Studies (EBMS)

Volume: 12 | Issue: 4| April 2025 -Peer-Reviewed Journal

Empirical research shows strong interest in using machine learning methods to forecast market asset prices (Kumar et
al., 2022; Rouf et al., 2021). Machine learning has shown better real-world results than standard statistical and
financial models (Sarker, 2021; Christensen et al., 2023; Narteh-Kofi, et al., 2025). The U.S. capital market requires
accurate volatility forecasting for successful investment decisions across investors, banks, and policymakers (Agbeve
et al., 2025). Investors use this information to spot risks ahead and build safe strategies for their money (Yao et al.,
2022). Financial institutions depend on correct volatility estimates to plan their fund allocations and set up secure
investment systems (Janabi, 2021; Atisu et al., 2024). Policymakers evaluate market stability through volatility
forecasts to take smart actions that keep the financial market balanced (Demirer et al., 2020).

Predicting volatility using Machine Learning is on the rise because it can handle extensive data while recognizing
complex patterns that standard statistical methods cannot handle (Zhang & Lei, 2022; Sarker, 2021; Agbadamasi et
al., 2025). ML algorithms show better predictive performance than standard forecasting techniques (Christensen et al.,
2023). The integration of deep learning algorithms and recurrent neural networks delivers promising performance in
understanding market volatility dynamics (Oyewole et al., 2024; Pattanayak, et al., 2024; Ramos-Pérez et al., 2019).
Machine Learning can leverage market volatility forecasting to improve results better than conventional methods
while delivering more trustworthy predictions. Market participants in the U.S. financial system can use this technology
to make better trading decisions in today's fast-changing market. This research explores the volatility forecasting
capabilities of advanced machine learning approaches while collecting data from recent studies and investigating the
ability of distinct predictive techniques to boost accuracy and reliability in volatility forecasting.

LITERATURE REVIEW

Stock Market Forecasting

Financial market dynamics such as investor sentiment, economic conditions, and industry trends make forecasting
market volatility a difficult task (Hu et al., 2018; Gite et al., 2021). Advanced technology now supports volatility
prediction more precisely using artificial intelligence and machine learning despite the traditional theories suggesting
that markets move randomly (Guidi et al., 2011; Srivastava et al., 2021). Historical market volatility data helps train
models to make forecasts of upcoming patterns according to Yao et al. (2022). Market data combined with sentiment
analysis significantly boosts volatility prediction accuracy particularly when deep learning is employed according to
Gumus and Sakar (2021). Multiple researchers such as Khedr et al. (2017) and Pathak and Pathak (2020) have explored
different methods for volatility forecasting including machine learning methods alongside news sentiment analysis
and analytical models. Lin et al. (2022) found that Long Short-Term Memory (LSTM) and Gradient Recurrent Units
(GRU) excel at detecting volatility patterns through their experimental research.

Researchers have studied many different methods to measure and forecast market volatility levels. Wang et al. (2019)
introduced a hybrid time-series machine learning system to forecast U.S. equity market returns showing similar
accuracy to traditional regression methods. Another research used time series decomposition with machine learning
and deep learning to predict stock market movements with the finding showing that good results depend on suitable
variable selection and model optimization (Chatterjee et al., 2021).

Traditional Time-Series Models for Volatility Forecasting

Analysis of market volatility stands as an essential element that aids multiple financial systems while enabling
managers to create effective risk control methods across portfolios and risk assessments. Financial time series models
have traditionally become the standard industry technology for predicting stock market and financial market volatility.
Using previous market data, these approaches develop models that identify volatility patterns to offer predictions
spanning future times (Christensen, 2023).

Among forecasting applications of time-series models the Autoregressive Conditional Heteroskedasticity model
stands out widely by utilizing such as the Generalized ARCH model (Rohilla, 2023). These forecasting models were
created with the intent to capture financial time series heteroscedasticity which produces variable data variance across
different period periods. Research demonstrates the effectiveness of the GARCH models for volatility modeling
because it handles volatility clusters and the leptokurtic distributions characteristic of financial returns (Rohilla, 2023;
Bhowmik & Wang, 2020).

Traditional volatility forecasting tools such as GARCH models in forecasting volatility in financial markets have been
extensively researched in prior studies (Ampountolas, et al., 2024; Mademlis et al., 2021). Financial time series
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analysis using these models enables volatility prediction which supports both investment decisions and risk oversight
approaches (Olukoya et al., 2023)

The Autoregressive Integrated Moving Average (ARIMA) time series model remains the key approach to forecasting
volatility. In order to attain stationarity, the methodology uses differencing to represent the correlation between
volatility observations and their lags (Alshraideh & Runger, 2013). While ARIMA demonstrates strong forecasting
performance with financial data a study by Yahaya et al. (2021) shows its inability to handle nonlinear volatility and
seasonal patterns.

Conflicting results about which approach provides superior volatility forecasting emerge from studies comparing
ARIMA and ARCH/GARCH models (Bhowmik & Wang, 2020). ARCH/GARCH models prove better than ARIMA
models for volatility forecasting and simulating non-constant financial data volatility (Setyowibowo et al., 2022).

Advanced Machine Learning Models for Volatility Forecasting

Machine learning models handle volatility forecasting better than traditional methods. Support Vector Machines are
effective in market volatility forecasting because of their ability to handle complex data sets with non-linear patterns
(Kurani et al., 2023). According to Omar et al., (2022), Support Vector Machines have successfully predicted market
volatility patterns and have been helpful when merged with hybrid machine learning techniques. Artificial Neural
Networks (ANN) technology stands out in volatility prediction because it analyzes market data patterns to uncover
their complex nonlinear relationships. ANNs are very good at identifying patterns, but to avoid overfitting, they need
a lot of training data. Random Forests show high accuracy for forecasting realized stock market volatility according
to Demirer et al. (2020).

Feature Selection and Engineering for Volatility Forecasting

The fundamental building blocks of volatility forecasting systems are feature engineering and selection. Financial
indicators combined with economic factors alongside social media sentiment analysis produce the most accurate
results for volatility prediction according to Kelotra and Pandey (2020). According to the findings of Kuosmanen and
Vataja (2011), market volatility is associated with changes in economic indicators such as GDP growth, inflation rates,
and interest rates. The inclusion of sentiment analysis from news and social media is a useful measure for measuring
market sentiment and its role in market volatility.

Volatility forecasting models now integrate alternative data sources regularly to improve their results (Alkhatib et al.,
2021). These alternate data sources enhance market outlooks and provide new insights into market dynamics (Sheu et
al., 2017). Research shows adding alternative data to financial and macroeconomic indicators enhances volatility
forecasting results (Sheu et al. 2017). Studies continue into how multiple data sources affect their predictions and
especially their ability to forecast US market volatility.

Model Evaluation Metrics for Volatility Forecasting

Several key metrics are needed to analyze machine learning models that forecast U.S. market volatility. Volatility
prediction accuracy requires both Mean Absolute Error (MAE) and Mean Squared Error (MSE) assessment according
to Orth (2012). MSE is ideal for forecasting volatility because it assigns more weight to big errors. Moreover,
precision, recall, and F1 Score help understand how well the model performs (Naidu et al., 2023). According to
Bhambu et al. (2025), effective volatility forecasting needs multiple accuracy standards to check how well each model
performs.

High levels of noise in U.S. market data make overfitting a major problem when trying to forecast volatility. According
to Demsar & Zupan (2021), this happens when models get used to training data and focus excessively on market noise
which results in inaccurate and weak generalization. Several strategies can be adopted to help solve this problem. L2
regularization stands out as an effective method to stop overfitting because it makes models avoid unnecessary
complexity according to Kotsilieris et al. (2022). Effective volatility forecasts depend on feature selection according
to Zhang et al. (2022), because this technique helps to focus on the best market metrics.

‘&) 2025 EPRA EBMS | httpsy//eprajournals.com/ Journal DOI URL: https://doi.org/10.36713/epral013
78


https://eprajournals.com/
https://doi.org/10.36713/epra1013

-

Journal DOI: 10.36713/epra1013 | SJIF Impact Factor (2025): 8.619 ISSN: 2347-4378

&} EPRA International Journal of Economics, Business and Management Studies (EBMS)

Volume: 12 | Issue: 4| April 2025 -Peer-Reviewed Journal

Comparative Analysis of Volatility Forecasting Models

Investors need market return predictions to properly allocate their asset holdings. Leung et al. (2021) suggested a
hybrid machine learning and time series approach to predict long-term U.S. stock market returns which showed results
comparable to standard regression techniques.

Comparing U.S. market volatility forecasting models from both traditional and machine learning fields requires a
review of historical performance results and a careful assessment of essential success factors. The Popular traditional
statistical techniques perform poorly when market volatility fluctuates unpredictably during times of market stress
(Zhang et al., 2022). However, Machine Learning techniques perform better than standard models when measuring
complex volatility according to both Qiu and Shen (2016) and Guan et al. (2018).

Research by Qiu and Shen (2016) and Zhang et al. (2022) demonstrate that improved artificial neural networks and
support vector regression excel at forecasting financial market volatility. Neural network models excel at removing
market noise and delivering more precise volatility forecasts according to Guan et al. (2018). The advent of Generative
adversarial networks (GANs) and meta-learning approaches has further enhanced the modeling of intricate volatility
patterns (Dael et al., 2023; Zhao et al., 2023).

To effectively predict volatility, markets must use various indicators along with traditional volatility data like trading
volumes, daily price ranges, and market cross-market factors (Guan et al. 2019). Combining wavelet decomposition
with N-BEATS improves forecasting accuracy according to recent research by Singhal et al. (2022). Financial
networks can predict market volatility better, thus emphasizing their relevance when dealing with interconnected
markets according to Magner et al. (2020).

Challenges and Opportunities in Volatility Forecasting

U.S. market volatility forecasting faces key implementation hurdles with regards to Machine Learning (Olubusola et
al., 2024). The major difficulty involves discovering which features have the strongest effect on how Machine
Learning models predict volatility. Market volatility is inherently non-linear and dynamic making forecasting harder
(Olubusola et al., 2024; Behera et al., 2024). Another major obstacle is analyzing how analysts’ biases affect their
forecasting performance (Baird, 2019; Olubusola et al., 2024).

There are various paths to improve volatility forecasts using machine learning despite the current difficulties.
Advanced Machine Learning methods demonstrate solid potential according to previous research findings
(Christensen et al., 2023; Shah et al., 2019). Scholars focus on forecasting the trends of market volatility (Gunnarsson
et al., 2024). Hybrid ML algorithms extend the possibilities for better volatility prediction (Kumar, et., 2025).
Ensemble learning models and deep learning algorithms hold great potential to increase forecast accuracy according
to Liu et al. (2019)

Volatility forecasting requires ethical standards and ways to avoid biases. According to Baird (2019), the relationship
between market volatility and consensus predictions coupled with the biases of analysts creates ethical problems that
need to be addressed. Improving these issues helps in building forecasting models that produce reliable results for
every stakeholder in the U.S. capital market.

The recent developments in volatility forecasting methods indicate a shift towards advanced techniques that help
explain the complexities in the U.S. capital market dynamics better while maintaining high ethical standards and fixing
outcome bias problems.
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Systematic Analysis of Literature on Stock Market Forecasting Using Machine Learning

Author(s)  Year

Ajigaetal. 2024

Alkhatib etal. 2021

Alshraideh &
Runger

2013 Models (HMM) for

Ampountolas 2024

Ansarietal. 2022

Atsalakis et al.

Baird

Behera et al.

Bhambu et al.

Bhowmik &
Wang

Bhuvaneshwari

Chatterjee et al.

Christensen et
al.

Demirer et al.

DemSar &
Zupan

2015

2019

2024

2025

2020

2020

2021

2023

2020

2021

Methodology Theory (if any)

Review of ML models
) . N/A
in stock forecasting

Time series forecasting
. X N/A
and regional analysis

Hidden Markov

process monitoring

GARCH and Support

. Time-series
Vector Regression

econometrics

(SVR)
Deep Reinforcement Reinforcement
Learning (DRL) learning theory
Neuro-fuzzy systems N/A
Quantitative analysis N/A

Comparative analysis
of ML models for N/A
volatility

Neural network-based Model conditional

volatility forecasting heteroscedasticity
theory
Systematlg literature N/A
review
_ Multi-agent deep_ N/A
reinforcement learning
Comparative study of
. N/A
forecasting models
Comparative study of
machine learning N/A
algorithms
Random Forecasts (ML N/A
technique)

Educational analysison  Machine learning
overfitting theory

Findings
Compared various ML algorithms
including SVM, RF, and LSTM. Found
deep learning models perform better in
complex market scenarios.
COVID-19 had a significant impact on
GCC markets. ARIMA and VAR models
are useful in short-term forecasting.

HMM effectively detects structural

Markov process theory changes and anomalies in time-series data.

Applicable to financial forecasting.

GARCH-SVR hybrid models enhance
forecasting accuracy in financial and
commaodity markets.

Developed DRL-based decision support
for automated trading. Significantly
outperformed traditional strategies.

Neuro-fuzzy models improve prediction in
turbulent markets, capturing nonlinear
patterns effectively.

Investors often fail to correct for biases in
analyst forecasts, indicating inefficiency in
recognizing forecasting errors.

ML models like LSTM and RF provide
better volatility prediction than traditional
statistical methods.

Neural networks enhance high-frequency
volatility forecasting, beneficial for
intraday trading and risk analysis.

Synthesized insights from volatility-return
literature. Identified increasing shift
toward ML methods in volatility
modeling.

Integrates multiple data sources for robust
stock forecasting. Deep RL improves
adaptability and decision-making.
Found deep learning (especially LSTM) to
outperform classical time-series models
for stock price prediction.

Applied various ML algorithms to
volatility forecasting. Random Forest and
XGBoost delivered strong results.

Industry-specific returns offer predictive
value for market-wide volatility. Boosted
forecasting accuracy.

Emphasized practical implications of
overfitting in model generalization.
Valuable for financial data modeling.
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Author(s)  Year Methodology Theory (if any) Findings
Reviewed volatility forecasting

Systematic literature

; N/A techniques; ML methods were found
review

superior in dynamic environments.

Used text disclosures for long-term stock
2018 Time Series Analysis Information theory  index prediction. Textual data was found
to be a strong leading indicator.

Analyzed Saudi equity market using TA
N/A indicators. Found indicators like RSI and
MACD effective for trend detection.

Combined financial news and ML for
stock prediction. Sentiment features

Dhingraetal. 2024

Feuerriegel &
Gordon

Technical analysis with

Ghamdi 2019 .
R programming

Sentiment analysis with

Gite etal. 2021 NLP N/A improved forecast accuracy and
interpretability.
Market efficiency Found weak-form inefficiency and
Guidietal. 2011  testing in Eastern  Efficient Market theory calendar anomalies in multiple Eastern
Europe European equity markets.
Hvbrid of price data The fusion of technical indicators and
Gumus & Sakar 2021 y P N/A sentiment scores improves market

and sentiment analysis -
movement prediction accuracy.

Surveyed Al/ML tools in predicting
N/A implied and realized volatility. Identified
potential in hybrid model approaches.

Used attention mechanism and ensemble

Gunnarsson et Literature review on Al
2024 . . .
al. in volatility forecasting

Ensemble learning with

Hu et al. 2018 N/A deep learning to extract predictive features
market data £ S ;
rom noisy financial data.
ML-based portfolio Presented optimization models that adapt
Janabi 2021 analytics under Optimization theory  to time-varying liquidity. ML enhances
liquidity constraints asset selection and risk balancing.
Sentiment and ML for Sentiment from news combined with ML
Jishtuetal. 2022 N/A algorithms led to better short-term price

price prediction prediction accuracy.

Future Outlook and Emerging Trends in Volatility Forecasting

In recent years, technological advancement has transformed the forecasting of U.S. capital market volatility.
Researchers have now focused on investigating modern techniques such as deep reinforcement learning-based
decision support systems and text mining of regulatory disclosures to help forecast market volatility (Feuerriegel &
Gordon, 2018; Ansari et al., 2022). Moreover, conducting sentiment analysis of social media data now provides useful
insights into market turbulence before it happens. According to Bhuvaneshwari (2020) and Ajiga (2024), the use of
multi-source data with tolerance-based multi-agent deep reinforcement learning improves the prediction of intricate
volatility patterns.

Neuro-fuzzy systems consistently deliver better results when predicting market volatility during times of turbulence
according to Atsalakis et al. (2015). The analysis of important market trends using technical tools and market events
is crucial in predicting volatility behavior in markets (Ghamdi, 2019). Support vector classification and regression
have been very successful when forecasting the directional changes in market volatility according to Li and Liu (2014)
whereas fuzzy logic models produce superior results when predicting short-term market volatility movements
according to Koirala and Aabhas (2021).

Jishtu et al. (2022) posits that volatility patterns are easily predicted when sentiment analysis is employed together
with machine learning technology. Combining different sources of data such as regulatory disclosure and social media
opinions helps forecast volatility better than past methods. Models that forecast volatility better during market
turbulence emphasize the need for forecasting techniques that can adjust to changing market conditions.
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CONCLUSIONS

This research into machine learning for U.S. capital market volatility prediction delivers important findings.
Traditional time-series techniques lack effectiveness in understanding market volatility patterns yet modern machine
learning approaches such as Support Vector Machines (SVMs) and Artificial Neural Networks (ANNs) outperform
them in pattern detection. Key components of Machine Learning are feature selection and engineering, especially
when it relates to the integration of data from different sources such as sentiment analysis and financial metrics.

The research points towards the need for continual developments in machine learning models dedicated to better
prediction of volatility. Integrating financial knowledge with machine learning models produces accurate volatility
forecasting results. It will be beneficial for finance experts and players in the financial industry to understand the
strengths of multiple models used to predict market volatility so they can make better choices for their practice.

Recommendations

The research suggests that investors should carefully evaluate the strengths and weaknesses of machine learning
volatility predictions. To make sound decisions, investors need full disclosure of how models work and accurate
information about prediction reliability.

Moving forward, based on the findings of this research, the following key issues need to be addressed:

i Further development of volatility forecasting models that work better in unstable market environments.
il. Enhanced integration of real-time sentiment analysis and market signals into volatility models

iil. Improved techniques for early detection of volatility regime changes

iv. Development of more robust feature selection methods for volatility prediction

The result of this review shows that successful volatility forecasting depends on ongoing teamwork between
professionals and researchers in the development and implementation of machine learning models. The focus needs
to be to develop models that forecast U.S. market volatility based on clear pattern recognition while staying reliable
during all market situations.
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