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Abstract. The stock market is known as the barometer of the national economy, and
macroeconomic factors have an important impact on the volatility of the stock market. Therefore,
considering the impact of macroeconomic factors on the sustainability of stock market volatility
will help to capture the time-varying characteristics of volatility persistence, so as to significantly
improve the estimation and forecasting effect of volatility. In this work, the generalized
autoregressive conditional heteroskedasticity-mixing data sampling (GARCH-MIDAS) model
is adopted, which combines the advantages of the GARCH model in short-term volatility
modeling and the advantages of MIDAS regression in integrating macroeconomic variables of
different frequencies. The GARCH model provides an accurate depiction of intraday volatility
in financial markets by capturing the dynamic nature of short-term volatility. MIDAS regression
introduces long-term macroeconomic factors into volatility modeling by integrating
macroeconomic data with different sampling frequencies, thus making up for the shortcomings
of traditional measurement methods in frequency matching. By combining these two methods,
the GARCH-MIDAS model can more comprehensively reflect the dynamic changes of stock
market volatility, considering both the impact of short-term market volatility and the role of long-
term macroeconomic factors, thus providing a more accurate and in-depth analytical tool for
volatility prediction and risk management. The results show that the GARCH-MIDAS model
can significantly improve the accuracy of volatility forecasting, and provide more reliable
decision support for investors, policymakers and economists.

Keywords: Macroeconomic Indicators, Stock Market, Correlation Analysis, Long-short Term,
Machine Learning.

1. Introduction
A healthy stock market is an important guarantee for the stable development of the national economy,
and stock price fluctuations are one of the basic characteristics of the stock market. Investors can buy
stocks when the stock price is low and sell the stock when the stock price is high, so as to achieve greater
gains. The fluctuation of stock prices not only provides investors with profit opportunities, but also helps
to realize the resource allocation function of the stock market. The huge and frequent volatility of the
stock market not only affects the behavior of investors, but can also hinder the continued healthy
development of the economy [1]. Therefore, studying the volatility of the stock market can help to better
understand the operating laws and mechanisms of the stock market.

How to model and predict stock market volatility has become a hot issue for many scholars. For
practitioners and regulators in the financial markets, it is essential to have accurate volatility forecasts.
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A large number of scholars have conducted in-depth research on this purpose, building a series of models
to predict volatility. Accurate volatility forecasting not only helps investors avoid market risks, but also
helps regulators maintain market stability [2]. Considering the impact of macroeconomic factors on the
sustainability of stock market volatility in the model will help to capture the time-varying characteristics
of volatility more accurately, thereby significantly improving the effectiveness of the model in in-sample
data fitting and out-of-sample forecasting [3].

The stock market is an important part of the development of the national economy and has three
major functions: first, the financing function, commercial enterprises can issue stocks to raise funds in
order to achieve rapid development; the second is the investment function, where investors can invest
by buying and selling stocks; The third is the function of optimal allocation of resources, which transfers
scarce resources from poor-performing enterprises to better-performing enterprises to promote the
rational allocation of resources [4]. Therefore, the stable and healthy development of the stock market
is crucial to the sustained and healthy development of the economy.

Changes in macroeconomic conditions and macroeconomic policies have an impact on the stock
market. Investors can avoid investment risks in the stock market in a timely manner by collecting
information on macroeconomic changes; Regulators are also able to adjust policies in response to
changes in economic conditions [5]. Therefore, the study of macroeconomic conditions and stock market
volatility prediction is of great significance for risk management, decision-making, economic
development and the healthy operation of the stock market [6].

For market investors, they can adjust the scale and direction of investment according to the operation
of the macroeconomy, so as to reasonably avoid risks and obtain maximum returns. For listed companies,
macroeconomic conditions can affect stock price fluctuations, which in turn affect the size of the
company's assets. Accurate prediction of stock market volatility can also reduce the company's financing
cost and promote the sustainable and healthy development of the company [7]. As far as government
supervision departments are concerned, they can guard against stock market risks, rationally carry out
macro-prudential supervision, standardize the operation of the stock market, and make the stock market
develop steadily and healthily according to the operation of the macroeconomy. Therefore, it is
necessary to study the persistence of macroeconomic conditions and stock market volatility [8].

2. Related Work
A large number of studies on stock market volatility have shown that macroeconomic conditions are the
main source of stock market volatility. Li et al. [9] examined the impact of monetary policy on U.S. and
Canadian stock prices. However, there is a common drawback of existing research methods, that is, the
data must have the same sampling frequency. For stock market data, we can get daily data or even higher
frequency data, while for many macroeconomic variable data, we can usually only get monthly or
quarterly data, and GDP data can only be obtained on a quarterly or annual basis. Traditional metrology
methods require that the sampling frequency of variables in the model be consistent. To address this
issue, many scholars have chosen to reduce the sampling frequency of stock market data to align it with
that of macroeconomic variables.
Subsequently, Kim and Nelson [10] divided the volatility of the stock market into two parts (CR), one
related to the economic cycle and the other independent of the economic cycle, and the results showed
that the economic cycle affects the volatility of the stock market, exploring the relationship between
macroeconomic conditions and stock market volatility. However, this approach leads to the loss of high-
frequency effective information in the stock market, which in turn leads to errors in parameter estimation
and volatility forecasting, making it impossible to fully assess the impact of macroeconomic information
on stock market volatility. Therefore, studying how to build effective models between data with different
sampling frequencies is the key to fully understanding the impact of macroeconomic conditions on stock
market volatility.

In order to include variables with different sampling frequencies in the same model, Ghysels et al.
[11] proposed a mixed data sampling (MIDAS) method. This method can make full use of existing
information, so it has been widely used by many scholars. Engle et al. [12] utilized the generalized
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autoregressive conditional heteroskedasticity (GARCH) model to divide volatility into long-term
components and short-term components, and the long-term components are described by
macroeconomic variables, so as to study the relationship between stock market volatility and macro
fundamentals. The model not only solves the modeling problem of different frequency data, but also
makes full use of the existing information to provide more accurate analysis results.

3. Methodologies

The relationship between macroeconomic indicators and stock market volatility is crucial for investors,
policymakers, and economists. To analyze these complex relationships, we employ the Generalized
Autoregressive Conditional Heteroskedasticity-Mixed Data Sampling (GARCH-MIDAS) model, which
combines the advantages of the GARCH model in short-term volatility modeling and the advantages of
mixed data sampling regression in integrating macroeconomic variables of different frequencies.

3.1. GARCH Model

The short-term volatility section uses the GARCH(1,1) model to capture the intraday volatility
characteristics of the stock market. The GARCH (Generalized Autoregressive Conditional
Heteroskedasticity) model is a model commonly used in financial time series analysis, which can
effectively describe the phenomenon of volatility aggregation in financial markets. The calculation of
the GARCH(1,1) model is shown in Equation 1.

of = ag+ ay€f 1 + P10t (D

Where o is the conditional variance, which means the volatility of ¢ at the current moment given
past information. This is what we want to estimate through the model, reflecting the current level of
uncertainty in the market. @, is a constant term. It indicates the fundamental level of volatility in the
absence of other influencing factors. a; is the coefficient of the lag square residual, which represents
the effect of the square of the previous period residuals on the current volatility. Specifically, €7,
represents the square of the previous period residual, which captures the "shock effect” of volatility,
which is how strongly the volatility reacts after a shock. f; is a coefficient of the lag variance, which
represents the effect of the previous period's conditional variance on the current volatility. This is used
to capture the "persistence effect" of volatility, which is the persistence characteristic of market volatility.
Generally speaking, the greater the 81, the more persistent the volatility is.

The advantage of the GARCH(1,1) model is that it is able to dynamically adjust the current
conditional variance through past residuals and past variance, thus capturing the dynamic nature of
volatility in financial markets. Specifically, when the market experiences large price movements, the
square term of the residuals increases, resulting in an increase in the conditional variance; When the
market is relatively stable, the conditional variance is mainly determined by the past conditional variance,
reflecting the persistence of market fluctuations.

Through the maximum likelihood estimation method, we can estimate the parameters a, a4, f1 in
the model to determine the dynamic change law of short-term volatility. Estimates of these parameters
can help us understand the nature of market volatility and inform further volatility forecasting and risk
management.

3.2. MIDAS Regression

The long-term volatility section is modeled using macroeconomic variables of varying frequencies. The
mixed-frequency data sampling regression method allows us to introduce low-frequency
macroeconomic variables into high-frequency financial time series models, so as to effectively capture
the characteristics of long-term volatility changes. The calculation of the MIDAS regression model is
shown in Equation 2:

K
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Where 1, is the long-term volatility component, which reflects the level of volatility affected by
macroeconomic variables. 8, and 8, are parameters that need to be estimated. wy is the weight
coefficient and is usually modeled using the Beta function to ensure that the sum of the weights is 1.
These weights determine the impact of different lagging macroeconomic variables on the current long-
term volatility. X;_j is a lagging macroeconomic variable that represents a macroeconomic indicator for
the t — k period.

In order to ensure the non-negativity and normalization of the weight wy,, the Beta weight function
is usually used for modeling, which is expressed as Equation 3.

(—)al_l( )a2—1
Wi = =5 3)
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where a4 and a, are the shape parameters of the Beta distribution, which need to be determined by
estimation.

The advantage of the MIDAS regression model is that it can synthesize data of different frequencies
in one model, so as to make full use of the information of macroeconomic variables and capture the
dynamic changes in long-term volatility. The total conditional variance is expressed as Equation 4.

0 =T X gt (4)

Where o is the total conditional variance. 7, is the long-term volatility component and is modeled
using MIDAS regression. g; is the short-term volatility component and follows the GARCH process.

Combining the advantages of GARCH and MIDAS, we get the GARCH-MIDAS model. The core
idea is to treat short-term volatility and long-term volatility separately and model them separately,
thereby improving the accuracy and reliability of volatility forecasting.

4. Experiments

4.1. Experimental Setups

Using the S&P 500 daily return and a series of macroeconomic variables, this study uses the GARCH-
MIDAS model to analyze the relationship between macroeconomic indicators and stock market
volatility. We first use the GARCH(1,1) model to estimate the short-term volatility, then correlate the
long-term volatility with low-frequency macroeconomic variables through MIDAS regression, and
finally integrate the short-term and long-term volatility components to construct a total conditional
variance model. Through both intra- and out-of-sample data validation, we evaluated the prediction
accuracy and robustness of the model. Figure 1 shows the used dataset.
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Figure 1. [llustration of Used Dataset.
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4.2. Experimental Analysis

Volatility forecast error is used to assess the difference between the predicted volatility and the actual
volatility. This metric measures the accuracy of a model in predicting market volatility. The smaller
volatility prediction error indicates that the model is able to capture the volatility of the actual market
more accurately, providing more reliable risk assessment and decision support. By calculating the error
between the predicted volatility and the actual volatility, we can judge the prediction effect of the model
and make corresponding improvements and optimizations. Figure 2 shows the volatility forecast error
comparison results.
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Figure 2. Volatility Forecast Error Comparison.

The confusion matrix is a tool used to evaluate the performance of a classification model, which
shows in detail the performance of the model on each classification by comparing the predicted results
with the actual results. The confusion matrix contains four key metrics: true positives, false positives,
true negatives, and false negatives. Figure 3 shows the confusion matrix of our proposed model.
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Figure 3. Confusion Matrix.
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5. Conclusion

In conclusion, the GARCH-MIDAS model, an advanced machine learning technology, is used to
analyze the relationship between macroeconomic indicators and stock market volatility, which
significantly improves the ability to capture short-term and long-term volatility dynamics. By effectively
integrating high-frequency equity market data and low-frequency macroeconomic variables, our
approach provides more accurate and reliable volatility forecasts. Experiments verify the superior
performance of our method compared with the traditional model. This comprehensive analysis provides
valuable insights for investors, policymakers, and economists, enhancing risk management and
decision-making processes in financial markets.
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