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Volatility is a crucial indicator for quantifying risk levels, guiding as- set
allocation, and assisting in formulating macro policies, so realizing the prediction has
important significance. Researchers are increasingly applying machine learning techniques,
such as support vector machines, LSTM, and deep convolutional networks, to enhance the
accuracy of volatility predictions in complex environments. Although numerous studies have
proposed diverse methods that combine with machine learning for volatility forecasting,
systematic reviews that sort out these methods remain scarce. To fill this gap, this paper
systematically summarizes novel models developed by scholars for forecasting stock market
volatility, aiming to provide valuable references for researchers to develop new forecasting
technologies. By checking 19 empirical studies and 6 review articles, along with
authoritative writings, this paper systematically organizes foundational methods related to
stock market volatility prediction and demonstrates machine learning- based forecasting
techniques. The review finds that machine learning methods such as support vector machine
(SVM) and random forest (RF) enhance prediction accuracy by efficiently capturing the
nonlinear characteristics of financial data through kernel functions and ensemble learning.
Deep learning models, such as LSTM and GRU, excel in forecasting stock market volatility
by capturing long-term dependencies and processing complex sequential data, significantly
improving prediction accuracy compared to traditional models like GARCH. In addition,
hybrid models (such as GARCH-LSTM and GARCH-MIDAS) further combine the
advantages of econometrics and machine learning, and have demonstrated superiority in
multiple empirical studies.
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Stock market volatility is an important reference index to measure the return and risk level of stock
investment, and can affect individual asset allocation decisions, while reflecting the national
macroeconomic trend. Relevant research has found that volatility risk helps to better understand the
marginal changes in stock returns [1] and idiosyncratic volatility is positively correlated with the
risk of a sudden and sharp decline in stock prices [2].Other studies have demonstrated that under
certain conditions, the higher the volatility of stock returns, the higher the investability of individual
stocks [3], and volatility can reduce the benefits of investment allocation or even lead to losses,
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which can turn originally positive earnings into negative ones [4]. These empirical results reveal that
stock market volatility significantly affects individual investment decisions. In terms of
macroeconomics, increased stock price volatility is associated with a slower GDP growth trend [5].
Therefore, measuring and forecasting stock market volatility is important, and many traditional
modeling methods have been developed to address this task.

Although the emergence of classical econometric models has facilitated predictive accuracy in
stock markets, their methodological limitations have become increasingly evident with escalating
market complexity. The ARCH and GARCH are unable to capture long-memory effects efficiently
enough [6]. While the stochastic volatility model (SV) involves the intractable likelihood function
and requires a lot of computation, especially the parameter estimation and inference under the actual
data constraints [7]. In addition, heterogeneous autoregressive (HAR) models cannot capture
nonlinear de- pendencies and market jumps [8]. To address these difficulties, volatility prediction
models began to integrate different machine learning methods.

This review explores stock market volatility prediction models using different machine learning
methods. The results show that volatility prediction models combining machine learning methods
often have higher accuracy and thus are more valuable for practical applications. Empirical research
shows that the stock market fluctuation prediction technology based on the long short-term memory
model has a good predictive ability in complex markets because it can capture nonlinear features
and remember the long-term dependence of historical data [9]. This conclusion also applies to the
volatility prediction method combined with the support vector machine model [10]. In conclusion,
the techniques for predicting volatility have evolved from traditional econometric models to hybrid
models that integrate machine learning, thereby enhancing the accuracy of predictions.

Forecasting volatility in the stock market involves estimating future fluctuations in stock prices and
trading dynamics. Traditional stock market volatility forecasting methods often rely on statistical
frameworks, econometric models, and market microstructure indicators. Below are some traditional
methods commonly employed:

1.) Generalized Autoregressive Conditional Heteroskedasticity(GARCH)Model: The GARCH
model assumes that current volatility depends on past error terms and past volatility, which enables
it to capture more complex dynamics in market volatility. However, although the GARCH model is
more flexible than the ARCH model, it still has difficulty simulating sharp fluctuating jumps and is
limited in handling long memory effects [6].

11.) Stochastic Volatility(SV)Model: The SV model is an econometric paradigm used to describe
the volatility of financial assets over time, which assumes that the volatility itself adheres to an
unobserved stochastic process but can be estimated using methods such as Kalman filtering. Due to
the SV model’s more flexible representation of volatility dynamics, it can be applied to complex
market environments. However, due to complex estimation technology, the model may be
challenging in the calculation, and the hypothesis may not always be able to handle long memory
effect or nonlinear dependencies in the data [7].

iii.) Heterogeneous Autoregressive(HAR)Model: The HAR (Heterogeneous Autoregressive)
model is a statistical model used to predict volatility, which aims to capture long-term memory
effects and volatility persistence. It achieves this by assuming that volatility is driven by the
volatility observed over multiple time ranges in the past. However, it assumes linearity and
stationarity, which makes it less suited to capture nonlinear dependencies or sudden shifts in market
dynamics [8].
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These traditional methods forecast stock market volatility from different perspectives and each
method has its own strengths and limitations. In the past, using these methods could help predict
stock market volatility; then, investors could make reasonable investment decisions. But, it is
important to note that the practical application of these methods needs to be flexibly adjusted in
combination with the market environment.

Since traditional forecasting methods are difficult to capture high-frequency data characteristics,
nonlinear relations and sudden market jump behavior, and machine learning technology is
increasingly applied in the financial field,many novel models and methods combined with machine
learning have been developed to better predict stock market volatility. The following will present
some machine learning methods and introduce the practical ways in which machine learning
methods improve stock market volatility prediction technology.

1.) Support Vector Machine(SVM): SVM is a supervised learning method that aims to achieve the
optimal solution for classification or regression tasks by building an optimal hyperplane to separate
data points and maximize the interval between classes. Through the introduction of kernel functions,
it can deal with nonlinear problems in high dimensional space, which makes it have important
application potential in stock market volatility prediction. By using historical stock market data,
SVM can identify complex fluctuation patterns and make effective predictions [11]. Although SVM
has the ability of nonlinear modeling, it should be pointed out that SVM may not perform well in the
case of noisy or overlapping data. In the stock market, data can be affected by a variety of factors,
making it difficult for the model to accurately capture changes in volatility [12].

i1.) Recurrent Neural Networks(RNN): RNN is a type of neural network designed for sequence
data analysis, in which the output of neurons is fed back as input to the next time step, enabling the
model to retain memory. This system enables RNNS to capture time-dependent and dynamic
patterns, making them suitable for time series prediction, such as stock market fluctuations.
Furthermore, special variants of RNNS, such as long short-term memory (LSTM) networks and
gated recurrent units (GRUs), have addressed the challenge of long-term dependence. LSTM uses
memory units and gating mechanisms (input, forget, and output gates) to regulate the information
while GRU uses update gates and reset gates to simplify this process, thereby reducing
computational complexity while still effectively capturing time dependencies. These design makes
RNN, LSTM and GRU can more accurately predict the stock market volatility and time series data
[13-15]. However, RNN cannot model multi-scale temporal features, and the volatility of the stock
market is affected by multiple temporal scale factors, which makes traditional RNN models possibly
unable to effectively model these multi-scale temporal features [16].

iii.) Random Forests(RF): RF is an ensemble learning method that enhances the stability and
accuracy of the model by constructing multiple decision trees (Each decision tree is a learner) and
making final predictions using majority voting or averages. Meanwhile, by training multiple trees on
different sub-samples and feature subsets, the model can effectively identify the complex patterns of
stock market, especially demonstrating strong robustness when dealing with noisy data. Therefore, it
is able to handle high-dimensional data, with strong nonlinear modeling capability and good
resistance to overfitting [17]. However, RF is composed of a large number of decision trees and its
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internal mechanism is complex, which is prone to forming a “black box” effect and makes it difficult
to explain the specific reasons for each prediction result [18].

1.) Using SVM Forecasting Stock Market Volatility: In one volatility prediction method, SVM as a
framework for predicting stock market volatility, maps high-dimensional market data (such as
historical returns on multiple timescales) to feature space through a kernel function, and
automatically captures nonlinear features of volatility (such as long-term memory effect and multi-
scale correlation). Compared with the traditional GARCH model, which needs to preset the form of
equations, SVM directly learns the internal rules of data, effectively solving the problem of
“dimensional disaster”. In the S&P 500 index experiment, SVM (10th-order lag input) significantly
outperformed the naive model, and its performance was comparable to that of the optimal GARCH
variant, demonstrating its ability to efficiently extract high-dimensional data information and
providing a flexible framework for volatility prediction [10].

ii.) Using RF Forecasting Stock Market Volatility: Some scholars have proposed using RF to
predict the volatility of the South African stock market, which effectively captures the nonlinear
characteristics of financial data by constructing multiple decision trees for ensemble learning. In
addition, in this model, RF adopts a feature random selection and out-of-bag sampling mechanism,
which avoids overfitting and enhances the model’s robustness. Experiments show that when RF
predicts the realized volatility of the JSE Financial Index (JFIN) and the Basic Materials Index
(JBIND), the R2 is as high as 97.1%, significantly outperforming artificial neural networks(ANN),
especially maintaining stable prediction performance during the COVID-19 pandemic when
volatility intensified. Verify the advantages of handling high-dimensional market variables in
predicting volatility [19].

iii.) Using RNN Forecasting Stock Market Volatility: In a study, LSTM recurrent neural networks
were applied to predict financial fluctuations in indices such as the S&P 500 and Apple. When
dealing with time series data, such as past returns and volatility, LSTM outperforms traditional
models like GARCH in large-interval predictions by leveraging its ability to capture long-term
dependencies through gate control mechanisms [20]. Meanwhile, another study used the GRU
network to predict the trading signals of stock indices such as the Hang Seng Index, the DAX Index,
and the S&P 500 Index. GRU simplifies the structure while effectively processing sequence data,
and uses reset and update gates to filter information, which improves the classification accuracy of
signals such as multi-head or short-head [21]. These two models have significantly enhanced the
reliability of predicting volatility and other related financial data by learning complex patterns from
historical data.

iv.) Using Hybrid Model Forecasting Stock Market Volatility: Some scholars have proposed a
hybrid model, GARCH-LSTM, which combines the GARCH-type model with the LSTM network
to predict stock market fluctuations. It addresses the highly skewed distribution of volatile data by
introducing the Volume-Up (VU) strategy, which uses a root-type function to transform the input
distribution, moving it to the right to reduce the concentration close to zero. This method enhances
the accuracy of prediction by inputting GARCH’s output into the LSTM input, especially for
extreme events, resulting in a 21.03% increase in the RMSE of the S&P 500 index volatility
compared to traditional hybrid models [22]. In addition, other scholars have adopted the GARCH-
MIDAS model, which decomposes volatility into short-term and long-term components based on
GARCH. The latter includes low-frequency macroeconomic and financial variables. For long-term
components, the model integrates low-frequency macro financial variables through MIDAS filtering
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and then uses the Adaptive-Lasso variable selection within a penalized likelihood framework for
variable screening. This improvement reduces overfitting and enhances the out-of-sample prediction
accuracy of long-term stock market fluctuations [23]. Both of these models utilize machine learning
to enhance traditional econometric methods: GARCH-LSTM improves distribution processing to
better detect anomalies, while GARCH-MIDAS optimizes variable inclusion to achieve robust long-
term predictions.

To sum up, the SVM, RNN and hybrid models such as GARCH-LSTM and GARCH-MIDAS, by
addressing the limitations of traditional models, significantly enhance the ability to predict stock
market fluctuations. These methods enhance prediction accuracy by capturing nonlinear
relationships, long-term dependencies, and integrating macroeconomic variables. However, there are
still challenges in data quality, interpretability, model stability, generalization ability and
computational complexity.

Machine learning faces some challenges in predicting stock market volatility. Noise or incomplete
data in the financial market may lead to overfitting and undermine the robustness of the model.
Moreover, many machine learning models lack interpretability, which limits their practical
application in financial decision-making, and on the other hand, these models struggle to take into
account both stability and generalization under different market conditions, which reduces their
ability to adapt to sudden market changes. Finally, the high computational cost of training advanced
models poses a significant obstacle to their scalability, especially for real-time prediction of large
datasets [24].

In terms of future directions, cross-market forecasting and multi-asset collaborative modeling
will become the focus of future research to enhance the robustness of predictions. In addition,
integrating high-frequency and multimodal data, including alternative sources such as news and
sentiment, can enhance the accuracy of predictions by capturing more comprehensive market
dynamics [25].

In this paper, we systematically reviewed various machine learning techniques applied to stock
market volatility prediction. Traditional econometric models, such as GARCH and ARCH, are
useful for understanding fluctuation dynamics, but they are limited in capturing nonlinear
dependencies and sudden market changes. By integrating machine learning methods, including
models such as Support Vector Machine (SVM), Recurrent Neural Network (RNN), GARCH-LSTM
and GARCH-MIDAS, researchers have significantly improved the prediction accuracy. These
models effectively model complex market behaviors, such as long-term dependencies and nonlinear
relationships, making them particularly powerful tools for predicting stock market fluctuations.

The application of machine learning techniques such as LSTM and GRU has been proven to be
particularly valuable for time series data, as they can capture long-term dependencies and dynamic
patterns that are difficult to model with traditional methods. In addition, a hybrid approach that
combines machine learning with econometric models such as GARCH-LSTM and GARCH-MIDAS
can provide more robust and accurate predictions. These advancements offer new opportunities to
enhance the reliability of stock market predictions and guide investment decisions in an increasingly
complex financial environment.
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However, there are still significant challenges in applying machine learning to volatility
prediction. Problems such as overfitting, lack of interpretability and high computational costs have
hindered the practical deployment of these models. Future research should focus on enhancing the
robustness of the model, incorporating high-frequency data and exploring cross-market predictions
to improve the prediction accuracy under different market conditions. All in all, machine learning
has great potential in improving volatility prediction and perfecting stock market prediction models.
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