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Abstract: Existing stock volatility forecasting models predominantly rely on same-
frequency market data while neglecting mixed-frequency integration and face particular
challenges in incorporating low-frequency macroeconomic variables that exhibit temporal
mismatches with financial market dynamics. To address this limitation, this study develops
a novel hybrid approach for stock market volatility forecasting, which synergistically com-
bines a deep learning model (CNN-BiLSTM-Attention) with the GARCH-MIDAS model.
The GARCH-MIDAS model can fully exploit mixed-frequency information, including
daily returns, monthly macroeconomic variables, and EPU. The deep learning model can
effectively capture both spatial and temporal patterns of multivariate time-series data, thus
effectively improving prediction accuracy and generalization ability in stock market volatil-
ity forecasting. The results indicate that the CNN-BiLSTM-Attention model yields the most
accurate forecasts compared to the benchmark models. Furthermore, incorporating addi-
tional predictors, such as macroeconomic indicators and the Economic Policy Uncertainty
Index, also provides valuable information for stock market volatility prediction, notably
enhancing the model’s forecasting effect.

Keywords: macroeconomic variables; volatility forecasting; GARCH-MIDAS model; deep
learning model

MSC: 62R07; 91B84; 91G15

1. Introduction
Market volatility represents a multifaceted and time-varying process that attracts

significant analytical attention across financial markets. Accurate volatility forecasting
models serve as critical mechanisms for market participants to identify impending regime
shifts, thereby enabling proactive portfolio adjustments. Financial market volatility is
crucial in investment decisions, option pricing, and risk management. In particular, the
outbreak of the global financial crisis and the rapid development of financial derivatives
markets have made the study of financial market volatility increasingly important. Research
has shown that financial volatility exhibits a range of complex dynamic characteristics,
including time-varying volatility, aggregation, asymmetry, and long memory.

Several traditional methods exist for predicting stock market volatility. Bollerslev [1]
proposed the generalized autoregressive conditional heteroskedasticity (GARCH) family
models that utilize low-frequency data to capture volatility clustering phenomena and
generate volatility forecasts. Nevertheless, these models fail to incorporate intraday trading
dynamics of financial instruments. Andersen and Bollerslev [2] addressed this limitation
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by calculating realized volatility using intraday high-frequency trading data to measure
intraday volatility. Corsi [3] introduced the HAR model for volatility forecasting within the
framework of the heterogeneous market hypothesis, demonstrating enhanced predictive
performance. These traditional methods exhibit strong predictive performance for linear
correlation variables, but the inherently nonlinear dynamics of financial markets necessitate
considering multiple exogenous variables in operational frameworks—such as macro fac-
tors [4], sentiment factors [5], and investor attention factors [6]. The relationships between
these variables frequently demonstrate non-stationary temporal evolution and nonlinearity,
posing significant challenges for conventional linear frameworks to effectively capture
evolving market dynamics, thereby constraining predictive performance. Concurrently,
classical econometric models remain fundamentally constrained to stationary processes,
whereas financial price series inherently exhibit persistent trends and cyclical patterns that
systematically violate covariance–stationarity prerequisites. Therefore, the continued use
of these methods may limit further improvements in prediction performance.

In recent years, the accelerated advancement of artificial intelligence coupled with the
emergence of big data has driven exponential growth in the application of deep learning
techniques within financial time-series prediction. These techniques are able to describe
the nonlinear relationship between data and multidimensional influencing factors, which
has led many scholars to utilize deep learning models to predict stock market volatility. For
example, Chen et al. [7] used a deep learning approach to predict the volatility of SSEC.
Nelson et al. [8] employed the LSTM to forecast stock price trends. Experimental results
demonstrated that this approach attains an average accuracy of 55.9%. Similarly, Sima
et al. [9] utilized BiLSTM for financial time-series prediction and found that it provided
more accurate forecasts than ARIMA and LSTM models. Vidal et al. [10] introduced a
hybrid model combining CNN and LSTM to forecast gold price volatility. Their study
demonstrated that the model effectively extracts time-series features for high-accuracy
prediction, outperforming the individual CNN and LSTM models. Wang et al. [11] devel-
oped a CNN-BiLSTM architecture by enhancing conventional BiLSTM frameworks with
convolutional feature extraction, benchmarking its stock forecasting performance against
LSTM, BiLSTM, and CNN-LSTM. Empirical validation demonstrated that the proposed
model achieves superior predictive accuracy through joint temporal–spatial feature learn-
ing. Furthermore, historical data contribute differently to data points at different moments.
To improve model prediction accuracy, attention mechanisms are often integrated into
deep learning models. Zhou et al. [12] improved the feature extraction process for precious
metal price dynamics through the integration of an RSA mechanism, enabling effective
extraction of spatiotemporal features. The existing literature demonstrates that neural
networks achieve higher accuracy in volatility prediction, motivating their application in
this paper.

Additionally, hybrid models have increasingly been used to forecast volatility with
promising results. Building upon neural network hybridization paradigms, Roh [13]
systematically merged artificial neural networks with GARCH-family volatility estima-
tors (GARCH, EGARCH, and EWMA) for KOSPI volatility forecasting, where the NN-
GARCH/EGARCH model had a lower MAE than the solitary neural network model.
Contemporary research extensions have further developed this paradigm by synergistically
coupling GARCH architectures with LSTM networks [14–18], with empirical validations
confirming that these enhanced hybrid frameworks exhibit statistically significant accuracy
improvements. Nguyen et al. [19] proposed the SR-RV model by combining stochastic
volatility (SV) with a recurrent neural network (RNN). By integrating various models, not
only is forecasting accuracy improved, but interpretability is also enhanced.
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However, the aforementioned traditional econometric and deep learning models do
not consider the impact of macroeconomic variables. Relevant studies in the literature, such
as those of Barro [20], Paye [21], and Nonejad [22], have empirically demonstrated that
macroeconomic and financial indicators possess significant predictive capacity for stock
market volatility. Macroeconomic variables can ultimately precipitate stock market shocks
via a range of transmission mechanisms, including marginal utility, the cost of capital, dis-
count rates, and so forth. The inherent frequency disparity between predominantly monthly
macroeconomic indicators (low-frequency) and high-frequency stock trading data poses
significant challenges for conventional econometric models in processing mixed-frequency
data. To overcome the issue of non-identical frequencies in a dataset, Engle et al. [23]
proposed the GARCH-MIDAS model, which was applied to the GARCH model using
the mixed-data sampling (MIDAS) regression method based on mixed data proposed by
Ghysels [24]. This approach successfully addressed the challenge of volatility fitting based
on data with varying frequencies. The GARCH-MIDAS model, which incorporates macroe-
conomic variables, is currently a widely used tool for forecasting volatility. Fang et al. [25]
employed the data of macroeconomic variables in the United States to fit the volatility of
the gold future market through the GARCH-MIDAS model. Yi et al. [26] employed the
data of the Chinese crude oil future market as a case study, utilizing the GARCH-MIDAS
model to examine the explanatory and fitting capabilities of macroeconomic uncertainty.
These studies have collectively enhanced the predictive accuracy of volatility.

In recent years, the international situation has become increasingly complex and dy-
namic, leading to heightened economic policy uncertainty in various countries. China’s
stock market is in an emerging development phase, exhibiting distinctive characteristics
of a “policy market”. Fluctuations in the market are closely linked to shifts in economic
policies. To quantify the degree of economic policy uncertainty in China, Huang et al. [27]
employed textual analysis methods in conjunction with the news reports of numerous Chi-
nese newspapers pertaining to economic and policy matters. This approach was utilized to
construct the China Economic Policy Uncertainty (EPU) Index, which can effectively reflect
the alterations in economic policies in a prompt and continuous manner. An increasing
number of studies have demonstrated a close relationship between EPU and stock market
volatility prediction [28–31].

This paper took the SSEC Index as the object of study in the context of volatility
prediction. We employed factor analysis to construct macroeconomic indicators through
dimensionality reduction and utilized a multifactor GARCH-MIDAS model to address the
issue of mixed-frequency data pertaining to macroeconomic and SSEC Index trading data.
Subsequently, the CNN-BiLSTM-Attention model systematically captured spatiotempo-
ral dependencies within multivariate chronological datasets through hierarchical feature
learning, enabling robust volatility estimation. In this model, the CNN layer is capable
of capturing the hierarchical structure of the data, the BiLSTM layer can leverage the ad-
vantages of LSTM while addressing the challenges posed by long memory in time series,
and the attention mechanism layer is designed to extract pertinent key information while
focusing on the trend and change in the time series. Ultimately, the model was evaluated
for forecasting accuracy based on the established criteria for multiple forecasting ability.
Furthermore, the empirical section concludes with an investigation into the impact of
diverse predictors.

In summary, the contributions of this paper include the following two aspects:

• By considering multiple predictive factors, including both macro-level economic indi-
cators and policy uncertainty indicators, as well as micro-level stock market trading
information data, a more comprehensive analytical perspective for stock market volatil-
ity prediction from both macro and micro information can be obtained. In constructing
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the indicators, this study departs from conventional approaches by innovatively inte-
grating LASSO regression with factor analysis. This method enables the selection of
key factors from a large pool of raw variables to build macroeconomic fundamental
indicators. Additionally, by incorporating trading-based technical indicators and
volatility jump components at the micro level, the model establishes a robust foun-
dation for volatility forecasting with improved predictive accuracy and enhanced
explanatory power.

• The combination of the multifactor GARCH-MIDAS model and the CNN-BiLSTM-
Attention model addresses the issue of disparate frequencies between macro data
and trading data. Furthermore, the application of the CNN-BiLSTM-Attention model
to stock market volatility prediction effectively depicts the nonlinear characteristics
of volatility series, and the model demonstrates superior performance in volatility
prediction compared to the benchmark model.

The remainder of the paper is structured as follows: Section 2 introduces the GARCH-
MIDAS and CNN-BiLSTM-Attention models, along with a comprehensive summary of
the evaluation criteria. Section 3 shows the data utilized in this paper and empirically
benchmarks the out-of-sample predictive performance of five competing models across
four distinct loss functions in volatility forecasting. Section 4 presents an extension analysis
and considers economic value performance, and Section 5 provides the conclusions.

2. Methodology
2.1. Multifactor GARCH-MIDAS Model

Compared to the GARCH model for same-frequency data, the primary distinction of
the GARCH-MIDAS model for mixed-frequency data is that it incorporates a component
equation setup, separating the financial asset volatility into long-run and short-run volatility.
As demonstrated by Engle’s study, the volatility of stock returns can be decomposed into a
short-term component, denoted as gi,t, and a long-term component, represented by τt. The
stock return series can be expressed as follows:

ri,t = µ +
√

τtgi,tεi,t (1)

To ensure the distinct identifiability of these two components, which is crucial for
the interpretability and robustness of parameter estimates, a normalization constraint is
imposed on the short-term component. The short-term component, gi,t, follows a GARCH
(1,1) process, with its unconditional mean normalized to unity, i.e., E[gi,t] = 1. This is
typically achieved by formulating the gi,t process as follows:

gi,t = (1 − α − β) +
α(ri−1 − µ)2

τt
+ βgi−1,t (2)

with α > 0 and β > 0 and α + β < 1.
Then, we specify the long-term component, τt, by smoothing realized volatility in the

spirit of MIDAS regression and MIDAS filtering:

τt = m + θ∑K
j=1 ϕj(ω1, ω2)RVt−j (3)

RVt = ∑Nt
i=1 r2

i,t (4)
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where K is the lag time for smooth realized volatility. ϕj(ω1, ω2) in the above specification
represents the so-called beta weights, defined as follows:

ϕj(ω1, ω2) =
(j/K)ω1−1(1 − j/K)ω2−1

∑K
i=1(i/K)ω1−1(1 − i/K)ω2−1 (5)

The aforementioned single-factor GARCH-MIDAS model solely considers historical
volatility data and neglects to incorporate the influence of other exogenous low-frequency
variables. To encompass the impact of diverse low-frequency factors on the long-term
components of stock market volatility, this paper presents a multifactor GARCH-MIDAS
model incorporating exogenous variables, denoted by Xi, representing other exogenous
low-frequency variables.

τt = m + θ1∑K
j=1 ϕ1,j(ω1,1, ω1,2)RVt−j + θ2∑K

j=1 ϕ2,j(ω2,1, ω2,2)X1,t−j + θ3∑K
j=1 ϕ3,j(ω3,1, ω3,2)X2,t−j (6)

where θ1, θ2, and θ3 denote the marginal contributions of exogenous low-frequency vari-
ables to the long-term component of the SSEC Index volatility.

Finally, the total conditional variance can be defined as follows:

hi,t = τtgi.t (7)

where hi,t is the total conditional variance.

2.2. Convolutional Neural Network

A Convolutional Neural Network (CNN) represents an effective approach for ex-
tracting features from time-series data. The primary benefit of a CNN is the automated
identification of crucial spatial characteristics. During the training phase, the convolutional
layer is optimized to extract features with a high degree of discriminative properties.

A CNN comprises a convolutional layer and a pooling layer that can efficiently
extract global spatial features and circumvent overfitting by reducing the number of
parameters and features. The convolution layer is the core of a CNN. A convolutional layer
is responsible for extracting spatial features from neighboring data points of the input data,
which is achieved through a convolution operation. The parameters of a convolutional layer
typically include the number of convolution kernels, the size (or length) of the convolution
kernels, and a bias term. During forward propagation, the convolution layer extracts
features by computing the dot product between each convolution kernel and a local region
of the input data as follows:

xl
j = f

(
∑ i∈Mj xl−1

i × kl
ij + bl

j

)
(8)

2.3. Bidirectional Long Short-Term Memory

A Bidirectional Long Short-Term Memory (BiLSTM) network comprises two layers of
Long Short-Term Memory (LSTM) units operating in opposite directions. The network’s
output is influenced by the forward and backward LSTM layers, which process the input
data simultaneously in both forward and backward sequences. By integrating bidirectional
processing mechanisms, the proposed framework enables enhanced temporal information
flow optimization within the neural architecture, as detailed in Figure 1. The updated states
of the hidden layers of the forward LSTM, backward LSTM, and the final representations
of the BiLSTM are defined as follows:

ht = f (W1 × xt + W2 × ht−1) (9)
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h′t = f
(
W3 × xt + W5 × h′t+1

)
(10)

Ot = g
(
W4 × ht + W6 × h′t

)
(11)

where ht represents the hidden state vector of the forward-pass LSTM layer at time step t,
h′t denotes the hidden state vector of the backward-pass LSTM layer at time step t, Ot is the
final output vector of the BiLSTM layer at time step t, and W1–W6 denote the corresponding
weights of the layers.

Figure 1. BiLSTM structure.

2.4. Attention Mechanism

Attention mechanisms combined with hybrid modeling have been applied across
various fields. The combination of an attention mechanism—which dynamically captures
long-range dependencies among elements through relative importance computation—with
CNN-BiLSTM has demonstrated successful applications in specific quantitative finance
domains. The model of the attentional mechanism is illustrated in Figure 2.

Figure 2. One basic unit of attention.

The attentional mechanism formula is as follows:

eij = tanh
(
W1 × hi + W2 × hj + b

)
(12)

aij = softmax
(
eij
)
=

exp
(
eij
)

∑ j exp
(
eij
) (13)

Hi = ∑ j aij × hj (14)
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where eij denotes the relationship between the hidden states, hi and hj; W denotes the
weight; b denotes the bias vector; and Hi denotes the final output state after the atten-
tion layer.

2.5. CNN-BiLSTM-Attention Model

The prediction of realized volatility for the stock market is a challenging task due to its
complex, nonlinear, and time-varying nature. To address this, this paper proposed a hybrid
deep learning model combining a Convolutional Neural Network (CNN), a Bidirectional
Long Short-Term Memory (BiLSTM) network, and an attention mechanism. The model of
CNN-BiLSTM-Attention is illustrated in Figure 3.

Figure 3. CNN-BiLSTM-Attention framework.

This hybrid model was chosen because of its synergistic ability to address complex
features of financial time series as compared to traditional machine learning models and
simpler deep learning structures. It incorporates three key components. First, the Convo-
lutional Neural Network (CNN) serves as an effective feature extractor. It automatically
identifies crucial local patterns and micro-structural features from the input sequence—
patterns that often signal volatility changes. This eliminates the need for extensive manual
feature engineering. Second, the Bidirectional Long Short-Term Memory (BiLSTM) network
processes these extracted features. The BiLSTM effectively captures the long memory and
persistence inherent in stock market volatility. By processing sequence information in
both forward and reverse directions, it also achieves a more comprehensive contextual
understanding of temporal dependencies. Finally, the integrated attention mechanism
allows the model to dynamically assign varying importance weights to the outputs of the
BiLSTM layer. This enables the model to focus on the most influential segments of the
learned temporal representations when making a prediction. Consequently, this helps re-
fine key signals within complex stock market environments, leading to enhanced predictive
accuracy and robustness.

In summary, the synergistic combination of a CNN for feature extraction, a BiLSTM
for comprehensive temporal modeling, and an attention mechanism for adaptive focus
establishes a powerful framework. This hierarchical design enables the model to learn
intricate patterns from SSEC Index data more effectively than could be achieved using
these components in isolation or by employing simpler models.

The research idea of the paper is as follows: firstly, using LASSO regression and factor
analysis to downscale macroeconomic indicators to obtain a small number of macro factors;
then combining high-frequency returns with low-frequency macro factors to construct a
multifactor GARCH-MIDAS model to obtain conditional volatility; finally, determining
conditional volatility containing macroeconomic information, technical indicator factors
obtained by downsizing through principal component analysis, economic policy uncer-
tainty indices (EPU), and jump components as features, which are used as input to the
CNN-BiLSTM-Attention model to ultimately predict the volatility of the SSEC Index.
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2.6. Evaluation Criteria for Prediction Performance

To assess model performance, this paper employed four evaluation metrics: the mean
square error (MSE), the root mean square error (RMSE), and the mean absolute error (MAE).
The formulas for these metrics are defined below:

MSE =
1
n ∑n

i=1(yi − ŷi)
2 (15)

RMSE =

√
1
n ∑n

i=1(yi − ŷi)2 (16)

MAE =
1
n ∑n

i=1 |yi − ŷi| (17)

where n represents the total number of test samples, yi represents the true value, and ŷ is
the corresponding predicted value. For each evaluation metric, smaller values indicate
better model performance.

2.6.1. Out-of-Sample R2

To assess the out-of-sample forecasting performance of the proposed models, we
employed the out-of-sample R2 statistic. The out-of-sample R2 (R2

oos) reflects the percent-
age reduction in the mean squared forecast error (MSFE) of a given model relative to a
benchmark model. In this study, the Heterogeneous Autoregressive Realized Volatility
(HAR-RV) model was used as the benchmark. A positive R2

oos indicates that the evaluated
model has a lower MSFE than the benchmark, suggesting superior predictive performance.

To assess the statistical significance of the improvement, the Clark and West (CW)
test [32] was employed. The null hypothesis of the CW test posits that the MSFE of the
benchmark model is less than or equal to that of the evaluated model. The formal definition
of R2

oos is as follows:

R2
oos = 1 −

∑n
t=1

(
R̂V

F
i,t − RVt

)2

∑n
t=1

(
R̂V

B
t − RVt

)2 (18)

where n represents the total number of test samples, RVt denotes the realized stock market

volatility for month t, and R̂V
B
t and R̂V

F
i,t refer to the volatility forecasts produced by the

benchmark model and the i-th forecasting model.

2.6.2. Model Confidence Set (MCS)

This paper used the model confidence set proposed by Hansen [33] to test whether
there was a statistically significant difference in the out-of-sample predictive effects of a
predictive model. In conducting the MCS test, in addition to the selected loss functions,
MSE and MAE, three additional loss functions—HMSE, HMAE, and QLIKE—were incor-
porated, resulting in a total of five loss functions used as performance evaluation metrics
for the models.

HMSE =
1
n ∑n

i=1

(
yi − ŷi

yi

)2
(19)

HMAE =
1
n ∑n

i=1

∣∣∣∣yi − ŷi
yi

∣∣∣∣ (20)

QLIKE =
1
n ∑n

i=1

(
yi
ŷi

− log
(

yi
ŷi

)
− 1

)
(21)
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The basic principle of MCS is as follows: All predictive models constitute a credible
set, M0, and each test assumes that a certain two models in M0 have the same predictive
ability, establishing the following original hypothesis:

H0,M : ∀u, v ∈ M ⊂ M0, E(di,uv) = 0 (22)

Based on the equivalence test and the elimination rule, models that reject the null
hypothesis are excluded, and the process continues iteratively until no further models can
be removed. The test employs the range statistic and the semi-quadratic statistic:

TR = max
u,v∈M

∣∣∣di,uv

∣∣∣√
var(di,uv)

(23)

TSQ = max
u,v∈M

(
di,uv

)2

var
(

di,uv

) (24)

where di,uv denotes the average of the relative loss function values of models u and v. When
the statistical values of TR and TSQ are greater than the critical value, the original hypothesis
is rejected and the worse model is eliminated.

2.6.3. Direction-of-Change Test (DoC)

As observed by Degiannakis and Filis [34], the DoC test plays a pivotal role in market
timing and asset allocation trading strategies. DoC gauges the extent to which forecasting
models accurately anticipate the direction of change in actual volatility. A dummy variable,
designated as Di, is initially assigned a value of 1 if the model accurately forecasts the
volatility trend of the stock market on trading day i and 0 otherwise. The dummy variable
Di can be expressed as follows:

Di =


1, if RVi > RVi−1 and R̂Vi > RVi−1

1, if RVi ≤ RVi−1 and R̂Vi ≤ RVi−1

0, otherwise
(25)

The proportion of forecasts accurately capturing the direction of volatility change is
defined as follows:

DoC =
1
n ∑n

i=1 Di (26)

Subsequently, we employed the Pesaran–Timmermann nonparametric test [33] to
examine the null hypothesis that the target model’s DoC ratio does not exceed that of a
random walk.

3. Empirical Results and Analysis
3.1. Data Description and Processing

In this paper, 5 min high-frequency SSEC Index data (000001.SH) from 1 February
2012 to 28 June 2024 were selected as the research sample, and the relevant data were all
sourced from the Wind database. There was a total of 48 sample points for each trading
day in the SSEC dataset with a 5 min sampling frequency (excluding the opening price);
we used realized volatility to measure stock market volatility, which effectively reduced
the impact of noise and error on volatility estimates compared to squared daily returns, in
the following form:

RVt = ∑48
j=1 r2

t,j, t = 1, 2, . . . T (27)
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where rt,j denotes the logarithmic return at the j-th moment of the t-th trading day.
Figure 4 shows the daily realized volatility of the SSEC Index. As the figure illustrates,

the RV displays a time-varying and aggregated character, particularly during the 2015–2016
stock crash, when the index exhibited very high volatility.

Figure 4. Realized volatility of the SSEC Index.

Four predictors were included in the analytical framework:
(1) Macroeconomic Indicators: To develop a comprehensive set of macroeconomic

fundamental indicators, this study, guided by the research of Cakmakli and Dijk [35], em-
ployed monthly data for 32 macroeconomic variables spanning five key domains, including
economic conditions and finance. The data cover the sample period from February 2012
to June 2024. These variables were first subjected to LASSO (Least Absolute Shrinkage
and Selection Operator) regression for feature selection, after which factor analysis was
performed to construct the macroeconomic fundamental factors. The data were drawn
from the “CSMAR” and are shown in Table 1.

Table 1. Macroeconomic variable descriptions.

Variable Meaning of Variable

Economic
Situation

MECI Macroeconomic Coincident Index
MELAI Macroeconomic Lagging Index
MELEI Macroeconomic Leading Index
CPI Consumer Price Index
RPI Retail Price Index (%, 2012 = 100)
CSI Consumer Satisfaction Index
CEI Consumer Expectations Index
RSSCG Total Retail Sales of Social Consumer Goods

Industry
PPIRM Purchasing Price Index of Raw Material (%, 2012 = 100)
PPI Producer Price Index (%, 2012 = 100)
CGPI Corporate Goods Price Index: Overall (%, 2012 = 100)

Finance

M0 Money Stock: M0
M1 Money Stock: M1
M2 Money Stock: M2
FIdb Financial Institutions: Deposit Balances
FIfb Financial Institutions: Financial Bonds
FIrmbl Foreign Institutions’ RMB Liabilities
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Table 1. Cont.

Variable Meaning of Variable

Investment

Vol Trading Volume
REDI Real Estate Development Investment
CFAI Cumulative Fixed Asset Investment
FAI-PI Fixed Assets Investment: Primary Industry
FAI-SI Fixed Assets Investment: Secondary Industry
FAI-TI Fixed Assets Investment: Tertiary Industry

Trade

IOP Total Value of Imports and Exports
IP Total Value of Imports
OP Total Value of Exports
AERusd Average Exchange Rate: America (USD Per CNY)
AEReuro Average Exchange Rate: European Union (EUR Per CNY)
AERhkd Average Exchange Rate: Hong Kong Dollar (HKD Per CNY)
AERjpy Average Exchange Rate: Japanese Yen (JPY Per CNY)
REER Real Effective Exchange Rate of the RMB
NEER Nominal Effective Exchange Rate of the RMB

This study initially considered a comprehensive set of macroeconomic variables iden-
tified from the established literature as pertinent to stock market volatility. This presented
a significant challenge to the subsequent volatility forecasting model. To refine this initial
selection, the LASSO (Least Absolute Shrinkage and Selection Operator) method was first
employed for variable screening. Given the extensive nature of the initially selected vari-
able pool, a considerable number of variables typically remained even after this LASSO
procedure. Therefore, factor analysis was subsequently applied to this reduced set of
variables. This second step served to further mitigate dimensionality and to construct the
final, more parsimonious macroeconomic fundamental indicators utilized in our model.

Each of the selected raw macroeconomic variables comprised 149 monthly observa-
tions. For the purpose of dimensionality reduction using LASSO regression, this dataset
was partitioned into training and test sets based on a 7:3 ratio. Consequently, the first 105 ob-
servations constituted the training set, while the remaining 44 observations formed the test
set. The LASSO regression technique was subsequently employed for an initial screening of
this comprehensive set of macroeconomic indicators. The optimal regularization parameter,
λ, for the LASSO model was determined via a 10-fold cross-validation procedure applied
to the training data. This process identified an optimal λ value of 0.0276. Utilizing this λ,
the LASSO model selected six macroeconomic variables as most relevant. These variables,
detailed in Table 2, encompassed key economic domains, such as consumption, finance,
and trade. Collectively, these selected indicators provided a multifaceted representation of
China’s overall macroeconomic conditions, thereby offering a parsimonious yet informative
basis for the subsequent factor analysis intended to construct the final macroeconomic
fundamental indicators.

Table 2. Macroeconomic variables screened by LASSO regression.

Variable Regression Coefficient Variable Regression Coefficient

CSI 1.3441 CFAI 0.3368
RSGG 0.2106 IOP 1.0471
PPIRM −0.4801 AERusd −0.9624

In order to further reduce the number of macroeconomic variables, composite macroe-
conomic indicators were constructed, and their applicability was improved in subsequent
volatility forecasting; factor analysis was conducted on the six macroeconomic variables



Mathematics 2025, 13, 1889 12 of 26

selected through LASSO regression. This dimensionality reduction process yielded two
principal macroeconomic factors, Fm1 and Fm2, which together explained over 70% of the
total variance. The detailed factor loadings are presented in Table 3.

Table 3. Macroeconomic variable factor load matrix.

Variable Fm1 Fm2

CSI 0.12 0.82
RSGG −0.08 0.78
CFAI 0.05 0.71
IOP 0.18 0.65

PPIRM 0.85 −0.11
AERusd 0.79 0.22

It can be seen from Table 3 that Fm1 is primarily composed of the PPIRM and the
AERusd. This factor can be interpreted as the “Cost and Foreign Exchange Factor”, cap-
turing macroeconomic pressures stemming from production costs and external exchange
rate risks. Fm2 is mainly influenced by the CSI, RSGG, CFAI, and IOP. This factor reflects
the expansion of domestic demand, as well as production and investment activity, and can
thus be characterized as the “Economic Growth Factor”.

(2) SSEC Index Technical Indicators: Two types of technical indicators were selected in
this paper. One consisted of the fundamental trading indicators, specifically including the
opening price, the highest price, the lowest price, turnover, and five other characteristic
indicators. The other included the main technical indicators, specifically the CCI, DMA,
and MACD, and 17 other characteristics of the indicators; the data sample interval for the
period was from 1 April 2014 to 28 June 2024, and the data came from the Wind database.
The specific indicators are shown in Table 4.

Table 4. SSEC Index technical indicator descriptions.

Variable Index Variable Index

HIGH Highest Price CCI Commodity Channel Index
LOW Lowest Price DMA Different of Moving Average
OPEN Open Price EXPMA Exponential Moving Average
VOLUME Trading Volume KDJ Stochastic Oscillator
AMOUNT Trading Amount MA (5) 5-Day Moving Average
TURN Turnover Rate (%) MA (20) 20-Day Moving Average
CHANGE Price Change MACD Moving Average Convergence–Divergence
PCT_CHANGE Percentage price change PRICEOSC Price Oscillator
BOLL Bollinger Bands ROC Rate of Change
BBI Bull and Bear Index RSI Relative Strength Index
BIAS Bias Ratio SOBV Selling On-Balance Volume

To reduce the complexity of the volatility forecasting model, this paper performed
principal component analysis (PCA) to downscale the technical indicators. Based on the
results of the PCA, the variance contribution rates of the first five principal components
were 36.37%, 19.96%, 12.47%, 8.44%, and 6.61%, respectively, with a cumulative variance
contribution rate of 83.85%. As this cumulative value exceeded 80% and the eigenvalues
of these five components were all greater than 1, it was indicated that most of the original
information could be effectively retained by selecting these components. Therefore, the
first five principal components were retained and utilized as technical indicators of stock
market trading in the subsequent volatility modeling and forecasting.
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As shown in Table 5, the principal component loading matrix yields five stock market
trading technical indicators. Ft1 represents the overall market trend and price levels, with
high loadings on variables such as price indicators (HIGH, LOW, and OPEN), moving aver-
ages (MA and EXPMA), trend indicators (BBI, DMA, and MACD), and several oscillator
indicators. These components are considered the most significant for capturing the general
direction of market movements. Ft2 reflects momentum and short-term fluctuations, show-
ing strong positive loadings on price change rates (CHANGE and PCT_CHANGE) and
several oscillators (BIAS, RSI, SOBV, and CCI), while exhibiting negative loadings on trend
and moving average indicators. Ft3 primarily captures trading activity, with its loadings
almost exclusively concentrated on volume and turnover-related measures. Ft4 and Ft5,
although contributing less variance compared to the first three components, capture more
subtle and complex relationships among indicators. These components may reflect specific
market patterns or signal combinations derived from technical indicators.

Table 5. Principal component analysis load matrix.

Variable Ft1 Ft2 Ft3 Ft4 Ft5

HIGH 0.2925 0.0288 0.1851 −0.1412 0.0097
LOW 0.2586 −0.0516 −0.0196 −0.3620 0.0668
OPEN 0.1984 −0.1489 0.1862 −0.3826 0.0584

VOLUME 0.1495 0.1276 0.4909 0.1921 0.0136
AMOUNT 0.1745 0.1125 0.4729 0.1529 0.0139

TURN 0.1485 0.1280 0.4908 0.1934 0.0137
CHANGE 0.1066 0.3110 −0.1943 0.3315 −0.0943

PCT_CHANGE 0.1076 0.3195 −0.1968 0.3342 −0.0911
BBI 0.3000 −0.2186 −0.0699 0.0545 0.0477

BIAS 0.2416 0.3027 −0.0855 −0.0627 0.0202
BOLL 0.1458 −0.2094 −0.0804 0.2782 0.5296
CCI 0.1894 0.2428 −0.0662 −0.2735 0.1659

DMA 0.2245 −0.2351 −0.0701 0.1755 −0.2959
EXPMA 0.2971 −0.2293 −0.0950 0.1060 0.0450

KDJ 0.1803 0.2006 −0.1159 −0.2356 0.2176
MA(5) 0.2720 −0.2019 −0.0835 0.0080 −0.0389

MA(20) 0.1553 −0.2441 −0.1039 0.3108 0.3833
MACD 0.3108 −0.1226 −0.0554 −0.0930 −0.2133

PRICEOSC 0.1817 −0.1868 −0.0920 0.0738 −0.4997
ROC 0.2116 0.1785 −0.0293 0.0007 −0.2574
RSI 0.1837 0.3103 −0.1546 −0.0786 0.1191

SOBV 0.1656 0.2478 −0.2103 0.0991 0.0504

(3) Economic Policy Uncertainty Indicator: In recent years, economic policy uncertainty
in China has risen significantly, driven by various international factors, including the global
financial crisis, interest rate hikes by the U.S. Federal Reserve, and ongoing trade tensions
between China and the United States. As a macro-level risk factor, incorporating economic
policy uncertainty into volatility forecasting models can enhance the models’ ability to
capture shifts in market sentiment and risk appetite induced by changes in the policy
environment. This, to some extent, helps address the limitations of models that rely solely
on historical price information.

In this study, the Economic Policy Uncertainty (EPU) Index developed by Davis and
his collaborators was employed as a proxy for China’s economic policy uncertainty [36].
The index is constructed using natural language processing techniques, wherein a semantic
screening algorithm identifies news articles related to economic policy fluctuations from
People’s Daily and Guang Ming Daily. These are then standardized and compiled into a
monthly time series. The sample period considered in this study spanned from February
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2012 to June 2024. The relevant data were obtained from the China Economic Policy
Uncertainty website (http://www.policyuncertainty.com) (accessed on 14 August 2024).

(4) Jump Component: The jump component of realized volatility refers to the discon-
tinuous part of total volatility caused by sudden price changes, such as market shocks or
extreme events. It exhibits temporal dependence and is particularly effective in capturing
abrupt price movements triggered by unexpected news or extreme market conditions,
making it a valuable source of information for forecasting stock market volatility. This com-
ponent is typically analyzed alongside the continuous component, which reflects volatility
from regular trading activities. Together, they constitute the total realized volatility.

In this study, the jump component of the realized volatility for the Shanghai Composite
Index was calculated using the bipower variation method. The sample period for the jump
component spanned from 1 April 2014 to 28 June 2024. The detailed calculation method is
presented as follows:

The realized continuous volatility can be defined as follows:

BVt =
π

2
n

n − 1 ∑n
i=2 |rt,i||rt,i−1| (28)

The modified Z test statistic of jump volatility is expressed as follows:

Zt =

√
n(lnRVt − lnBVt)√(

π2

4 + π − 5
)

max
(

1, TQt
BV2

t

) (29)

TQt = nµ−3
4/3

(
n

n − 2

)
∑n

i=3|rt,i|4/3|rt,i−1|4/3|rt,i−2|4/3 (30)

Given a significance level, α, zt > Φα, a jump is identified when the test statistic zt

exceeds the critical value Φα, where Φα denotes the upper α quantile of the standard normal
distribution. In this case, the indicator function for a jump takes the value 1; otherwise, it is
set to 0, indicating no jump. The jump component is then constructed as follows:

RJVt = It(Zt > Φα)(RVt − BVt) (31)

Table 6 gives the descriptive statistics of the SSEC Index returns and other predictors.
From Table 6, it can be seen that the distribution of the SSEC Index return shows significant
left-skewed and leptokurtic characteristics. The results of the Jarque–Bera statistic indicate
that none of the variable data obeys the normal distribution. The ADF test statistics reject
the null hypothesis of unit root presence at the 1% significance level, confirming stationarity
across all variables. Thus, further econometric modeling analysis can be carried out directly.

Table 6. Descriptive statistical analysis.

Mean Std Min Max Skew Kurt J-B ADF

SSEC 0.0165 1.3029 −8.4907 5.7636 −0.8787 6.6071 5189.71 *** −14.193 ***
Fm1 0.0313 0.9784 −2.8481 1.4216 −0.8968 −0.0828 357.57 *** −6.309 ***
Fm2 −0.0045 1.0004 −3.0727 2.2558 −0.2953 −0.2128 43.60 *** −5.420 ***
EPU 0.0162 0.2579 −0.9912 1.3680 0.2576 1.7215 285.78 *** −12.906 ***
Ft1 0.0000 2.6036 −24.6145 9.8868 −1.1875 8.6198 9717.1 *** −11.34 ***
Ft2 0.0000 1.9201 −10.6931 19.7875 1.5822 12.2962 19,593 *** −10.569 ***
Ft3 0.0000 1.7815 −6.9085 13.2545 0.6037 2.4255 893.11 *** −12.648 ***
Ft4 0.0000 1.4112 −11.8985 12.4343 −0.0357 9.3538 10,636 *** −10.711 ***
Ft5 0.0000 1.1922 −15.1047 26.6686 4.137 113.9692 1,586,535 *** −12.932 ***

Jump 0.1073 0.3793 0.0000 9.5464 12.4978 230.5110 4,752,081 *** −9.357 ***
Note: The signifcance level presented *** 1%.

http://www.policyuncertainty.com
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3.2. Estimation of Multifactor GARCH-MIDAS Model

To incorporate macro low-frequency data in the forecasting of stock market volatility,
full-sample multifactor GARCH-MIDAS model estimation was first carried out, in which
the macro factors, Fm1 and Fm2, as well as monthly EPU, were used as the monthly low-
frequency economic variables. The daily returns of the SSEC were used as the high-
frequency variables to construct the multifactor GARCH-MIDAS model. The parameter
estimates and corresponding statistics are reported in Table 7. In the model estimation, the
lag parameter K = 24 was chosen for the low-frequency variables. The analysis assumed a
24-month lag for macroeconomic effects on market volatility. From the results of parameter
estimation, all estimated parameters demonstrated statistical significance at the 1% level
except for the mean parameters of short-term volatility µ, which were not significant.
The estimates of α and β were significantly non-zero at 0.0815 and 0.9010, respectively,
and the sum of the two was close to 1, indicating that the GARCH model was smooth
and well-fitted.

Table 7. Multifactor GARCH-MIDAS model parameter estimate results.

µ α β m θ1 θ2 θ3 ω1 ω2 ω3

0.0110 0.0815 *** 0.9010 *** 0.5250 *** 0.6050 *** 0.5700 *** −0.7150 *** 6.50 *** 8.20 *** 1.85 ***
(1.3095) (5.5068) (51.4857) (3.5473) (3.3989) (3.3529) (−3.4878) (3.6111) (3.9048) (3.3636)

Notes: The table gives the estimation results of multifactor GARCH-MIDAS from Table 7. The numbers in
parentheses are the t-values corresponding to the above parameter estimates. *** denote rejection of the null
hypothesis at the 1% significance level respectively.

Regarding the long-term component, the model incorporates three low-frequency
variables: the EPU Index and two macroeconomic factors (Fm1 and Fm2). The parame-
ter θ represents the long-term influence of these variables on the volatility of the SSEC
Index. Specifically, θ1, associated with the EPU Index, was estimated at 0.6050 and was
significantly positive. This indicates that rising policy uncertainty significantly increases
market volatility. In an environment of uncertain policy outlooks and frequent shifts in
economic signals, investor risk aversion tends to increase, thereby amplifying volatility.
This finding confirms that incorporating EPU as a long-term explanatory variable enhances
the model’s ability to reflect market risks in the face of major policy changes and unex-
pected events. Parameters θ2 and θ3 capture the effects of the macroeconomic fundamentals
Fm1 and Fm2, respectively. The estimate for θ2 was 0.5700 and was significantly positive,
suggesting that increases in Fm1—comprising the PPIRM and AERusd—lead to heightened
volatility. This reflects that rising production costs and currency depreciation increase
uncertainty in corporate profitability and inflation pressure, thereby intensifying stock
market fluctuations. In contrast, θ3 was estimated at –0.7150 and was significantly nega-
tive, implying that Fm2, interpreted as the economic growth factor, contributes to market
stability. Stronger macroeconomic performance tends to reduce volatility in the SSEC
Index. Finally, ω denotes the optimal weighting parameter. The estimation results show
that ω exceeded 1 for all predictors, indicating that the influence of lagged observations
on long-term volatility diminishes over time. In other words, more recent information
exerts a stronger effect on volatility, which is consistent with the actual dynamics of
economic behavior.

Based on the estimation results of the multifactor GARCH-MIDAS model, we can
obtain the short-term component (gt) and the long-term component (τt), which are multi-
plicatively combined to obtain conditional volatility (ht).
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3.3. Forecasting Results

Based on the previous analysis and indicator construction, seven input features were
selected for volatility forecasting using the CNN-BiLSTM-Attention deep learning model.
These include five technical indicator components (Ft1–Ft5) derived from principal compo-
nent analysis, the conditional volatility component (ht) incorporating macroeconomic and
economic policy uncertainty information, and the jump component (Jump). All features
are obtained through dimensionality reduction and serve as comprehensive inputs for the
model’s predictive framework. These features collectively form the predictive input matrix
for volatility forecasting. To further validate the superiority of the proposed CNN-BiLSTM-
Attention model in forecasting stock market volatility, this study adopted the HAR-RV
model as a benchmark and compared it with traditional machine learning models (SVR,
Random Forest, and XGBoost) as well as other deep learning models (LSTM, BiLSTM, CNN-
LSTM, and CNN-BiLSTM). The forecasting performance of the CNN-BiLSTM-Attention
model was comprehensively evaluated against these alternatives.

Given the ultifactor GARCH-MIDAS model’s lag parameter specification, the con-
ditional volatility prediction timeline commenced on 1 April 2014. Correspondingly, the
CNN-BiLSTM-Attention model’s input data spanned from 1 April 2014 to 28 June 2024.
Following standard data partitioning protocols, we allocate 80% of observations to the
training set and 20% to the test set. To mitigate overfitting, 20% of the training subset
is reserved for validation, with parameter calibration guided by validation performance
metrics. To mitigate the effects of dimensionality across features, feature scaling of the
sample set is required.

To standardize the original data, we apply max–min normalization, scaling the values
to a range between 0 and 1. This normalization helps prevent overfitting and enhances
model accuracy. The min–max scaling process is implemented as follows:

X′ =
X − Xmin

Xmax − Xmin
(32)

where X′ is the normalized data, X is the original data, and Xmax and Xmin are the maximum
and minimum values.

In this paper, the main hyperparameters involved in the CNN-BiLSTM-Attention
model were comprehensively considered in terms of both prediction accuracy and train-
ing time. The CNN layer was configured to extract local features using 64 filters and a
convolution kernel of size 3 while enhancing the nonlinear expression ability through the
ReLU activation function. The number of neuron nodes in the BiLSTM hidden layers was
32 and 16. This prevented overfitting by the BiLSTM structure, which captures forward
and backward information in the time series. Additionally, a dropout layer rate of 0.2 was
included to avoid overfitting. The attention layer improves the model’s focus on features
at key time steps by learning the weighting coefficients of each time step of the input
sequence. The model was trained using the Adam optimizer. The hyperparameters for the
proposed CNN-BiLSTM-Attention model were optimized using a grid search strategy. The
selected training configuration included a batch size of 32 and 60 epochs. At this point, the
model demonstrated enhanced fitting and generalization capabilities while maintaining
high stability, which is particularly important for volatility forecasting.

After selecting appropriate parameters, the seven-dimensional time-series dataset was
transformed into a supervised learning dataset in input–output mode. The values of the
past five days were used as input features to predict the volatility of the SSEC Index on the
subsequent trading day. The resulting predictions are presented in Figure 5.
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Figure 5. CNN-BiLSTM-Attention model’s volatility forecasting results.

In general, the model demonstrated superior performance in identifying turning
points and undulating trends, with more accurate predictions that aligned more closely
with the actual outcome. Overall, the model’s predictive efficacy was enhanced.

3.4. Out-of-Sample Forecasting Performance Evaluation

The out-of-sample predictive performance is more critical than the in-sample per-
formance, as market participants prioritize a model’s ability to forecast future outcomes
over its capacity to analyze historical data. In this section, we evaluate the out-of-sample
forecasting performance of the nine models.

3.4.1. Out-of-Sample Forecasting Loss Function Values

The results of the forecasting loss function evaluation of different models on the
test dataset are shown in Table 8. The results presented in the table indicate that the
predictive performance of the benchmark HAR-RV model is relatively limited. With a
mean squared error (MSE) of 0.4367, it performs worse than all other models across the
evaluated loss functions, as reflected in consistently higher error metrics. Traditional
machine learning models such as SVR and XGBoost improve forecasting accuracy to a
certain extent by leveraging nonlinear modeling techniques. Both models outperform the
HAR-RV benchmark in terms of prediction error indicators.

Table 8. Comparison of evaluation error indices of nine models.

Model MSE RMSE MAE

HAR-RV 0.4367 0.6608 0.3801
SVR 0.2960 0.5441 0.2667

Random Forest 0.2843 0.5332 0.3453
XGBoost 0.2871 0.5359 0.2726

LSTM 0.2947 0.5428 0.3200
BiLSTM 0.2260 0.4754 0.2772

CNN-LSTM 0.2065 0.4544 0.2531
CNN-BiLSTM 0.1940 0.4405 0.2690

CNN-BiLSTM-Attention 0.1913 0.4373 0.2405
Note: The numbers in bold in the table are the optimal values corresponding to each evaluation criterion.

The deep learning model LSTM achieves an MSE of 0.2947, which is slightly higher
than that of Random Forest and XGBoost. This suggests that although LSTM effectively
captures temporal dependencies, its prediction accuracy remains marginally inferior to
some traditional machine learning approaches. In contrast, the BiLSTM model improves
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out-of-sample forecasting performance by processing input sequences in both forward and
backward directions, thereby reducing prediction errors.

Further enhancements were observed in the CNN-LSTM and CNN-BiLSTM models,
which integrate convolutional layers to extract local temporal features, leading to improved
forecasting accuracy and lower MSE values. The proposed CNN-BiLSTM-Attention model
further advances performance by dynamically assigning attention weights to key time
steps. It achieved the lowest loss values, except for MAPE, among all the models, with
MSE, MAE, RMSE, and MAPE recorded at 0.1913, 0.4373, 0.2405, and 56.7565%. These
results clearly demonstrate the superior capability of the CNN-BiLSTM-Attention model in
stock market volatility forecasting.

3.4.2. Out-of-Sample R2 Results

Table 9 displays the out-of-sample R2 statistics for several forecasting models evaluated
relative to the HAR-RV benchmark model. As shown in Table 9, the out-of-sample R2

values of all the models are positive, indicating that both traditional machine learning and
deep learning models exhibit improved predictive performance relative to the benchmark
HAR-RV model. Except for LSTM, all deep learning models outperform traditional machine
learning models in terms of R2

oos. Notably, the CNN-BiLSTM-Attention model achieved
the highest R2

oos value of 0.5619, representing a 56.19% improvement in predictive accuracy
over the benchmark model. These results highlight the superior forecasting capability of
the CNN-BiLSTM-Attention model within the entire set of evaluated models.

Table 9. Out-of-sample R2 results.

Model R2
oos CWstat CWp_Value

HAR-RV - - -
SVR 0.3222 4.1764 0.0000

Random Forest 0.3489 3.891 0.0000
XGBoost 0.3425 3.8102 0.0001

LSTM 0.3253 4.0108 0.0000
BiLSTM 0.4823 4.4539 0.0000

CNN-LSTM 0.5288 4.46 0.0000
CNN-BiLSTM 0.5565 4.6635 0.0000

CNN-BiLSTM-Attention 0.5619 4.6535 0.0000

3.4.3. Robustness Test

(1) DoC test

As illustrated in Table 10, the results of the DoC test indicate that all forecasting models
rejected the null hypothesis of no directional predictability at the 1% significance level. This
confirms that each model is effective in forecasting the direction of volatility movements.
The benchmark model, HAR-RV, achieved a DoC ratio of 0.5538, indicating a directional
prediction success rate of 55.38%. In contrast, the CNN-BiLSTM-Attention model recorded
a DoC ratio of 0.6981, representing a success rate of 69.81%—the highest among all the
models evaluated. This corresponds to an improvement of 14.43 percentage points over the
benchmark model. Moreover, the CNN-BiLSTM-Attention model outperformed traditional
machine learning models, including SVR, Random Forest, and XGBoost, in directional
accuracy. These results demonstrate the CNN-BiLSTM-Attention model’s superior capabil-
ity in capturing the directional dynamics of volatility, further affirming its robustness in
predictive performance.
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Table 10. DoC test results.

Model DoC PT_stat p-Value

HAR-RV 0.5538 2.3840 0.0086
SVR 0.6827 8.0947 0.0000

Random Forest 0.6558 6.9048 0.0000
XGBoost 0.6596 7.0711 0.0000

LSTM 0.6692 7.4959 0.0000
BiLSTM 0.6866 8.2662 0.0000

CNN-LSTM 0.6769 7.8349 0.0000
CNN-BiLSTM 0.6827 8.0947 0.0000

CNN-BiLSTM-Attention 0.6981 8.7781 0.0000

(2) MCS test

To evaluate the model’s forecasting performance more objectively, we performed an
MCS test on the prediction results of various models. The MCS test-derived p-values
are presented in Table 11. As illustrated in Table 11, the SVR model exhibited the strong
performance under the HMSE loss function, but its effectiveness declined across other
loss metrics. In contrast, the CNN-BiLSTM-Attention model achieved a p-value of 1 in
the MCS test across multiple loss functions, including MSE, MAE, QLIKE, and HMAE,
indicating statistically superior predictive performance. These results underscore the
model’s robustness in forecasting the volatility of the SSEC Index relative to alternative
approaches. This conclusion is further supported by consistent findings from the out-of-
sample R2 and DoC tests.

Table 11. MCS test results.

Model MSE MAE QLIKE HMSE HMAE

HAR-RV 0.1078 0.0200 0.0000 0.0526 0.0078
SVR 0.1078 0.4742 0.0358 1.0000 0.0098

Random Forest 0.1078 0.0012 0.1216 0.0010 0.0000
XGBoost 0.4148 0.4742 0.1414 0.0716 0.0098

LSTM 0.1078 0.0024 0.1216 0.0336 0.0020
BiLSTM 0.4148 0.3314 0.0000 0.0716 0.0098

CNN-LSTM 0.4148 0.4742 0.9254 0.0716 0.0098
CNN-BiLSTM 0.8200 0.4742 0.9254 0.0716 0.0098

CNN-BiLSTM-Attention 1.0000 1.0000 1.0000 0.0716 1.0000
Note: This table presents the p-values from the MCS test, derived from 10,000 bootstrap simulations. p-values equal
to 1 are bolded, signifying that the corresponding models exhibit the best out-of-sample forecasting performance.

(3) Different forecasting windows

The selection of the forecasting window can affect prediction accuracy [37]. Therefore,
to evaluate the robustness of our proposed model, we conducted a sensitivity analysis by
altering the training–test split. The training set size varied from the baseline 80% of the full
sample to 70% and subsequently 60%, with the test set correspondingly constituting 30%
and 40% of the full sample.

As demonstrated in Table 12, the performance of the models remained consistent with
previous findings when the length of the forecasting window was varied. The deep learning
models—particularly the CNN-BiLSTM-Attention model—consistently exhibited superior
predictive accuracy, highlighting their robustness across different forecasting horizons.
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Table 12. Out-of-sample forecasting performance for different forecasting windows.

Model MSE RMSE MAE R2
oos CWstat CWp_Value

HAR-RV 0.4303 0.656 0.3799 - - -
SVR 0.3611 0.6009 0.302 0.1604 4.3865 0.0000

Random Forest 0.3550 0.5958 0.2925 0.1750 4.5591 0.0000
XGBoost 0.3580 0.5983 0.2980 0.1680 4.4512 0.0000

LSTM 0.3565 0.5971 0.2952 0.1715 4.5038 0.0000
BiLSTM 0.3556 0.5964 0.3737 0.1731 4.6508 0.0000

CNN-LSTM 0.2953 0.5434 0.2806 0.3134 4.9267 0.0000
CNN-BiLSTM 0.2831 0.5321 0.3196 0.3426 5.4615 0.0000

CNN-BiLSTM-Attention 0.2687 0.5184 0.2683 0.3753 5.2689 0.0000
HAR-RV 0.4287 0.6547 0.3870 - - -

SVR 0.3960 0.6293 0.3100 0.0757 4.5903 0.0000
Random Forest 0.3791 0.6157 0.3886 0.1151 5.3329 0.0000

XGBoost 0.3796 0.6161 0.3193 0.1140 5.0365 0.0000
LSTM 0.4283 0.6545 0.3239 0.0006 3.1427 0.0013

BiLSTM 0.3940 0.6277 0.3085 0.0810 4.6500 0.0000
CNN-LSTM 0.3960 0.6293 0.3100 0.0757 4.5903 0.0000

CNN-BiLSTM 0.2836 0.5325 0.3258 0.3389 6.1202 0.0000
CNN-BiLSTM-Attention 0.2883 0.5369 0.2914 0.3272 5.8539 0.0000

(4) Replacement sample data

To further assess the robustness and generalizability of the previous findings, which were
based on the Shanghai Composite Index, this study replaced the target series with the CSI
300 Index. This allowed for a more comprehensive evaluation of the model’s forecasting
performance in a different market context. The 5 min high-frequency data of the CSI 300 Index,
along with its associated technical indicators, were sourced from the Wind database. The sample
period remained consistent with that of the Shanghai Composite Index, spanning from 1 April
2014 to 28 June 2024. The data were divided into training and testing sets in an 8:2 ratio.

Table 13 presents the out-of-sample forecasting results based on the CSI 300 Index.
The results indicate that the forecasting accuracy is comparable to that observed for the
Shanghai Composite Index. Compared with the benchmark HAR-RV model, all alternative
models exhibited positive R2

oos values, confirming that both traditional machine learning
and deep learning models incorporating multiple predictors can enhance the volatility
forecasting accuracy for the CSI 300 Index.

Table 13. CSI 300 out-of-sample forecast accuracy evaluation results.

Model MSE RMSE MAE R2
oos CWstat CWp_Value

HAR-RV 0.4115 0.6415 0.3702 - - -
SVR 0.2805 0.5296 0.2588 0.3183 4.0511 0.0000

Random Forest 0.2691 0.5187 0.3305 0.346 3.7552 0.0000
XGBoost 0.2713 0.5209 0.2651 0.3407 3.7108 0.0001

LSTM 0.2793 0.5285 0.3104 0.3213 3.9885 0.0000
BiLSTM 0.2135 0.4621 0.2688 0.4812 4.3812 0.0000

CNN-LSTM 0.1955 0.4422 0.2455 0.5249 4.3501 0.0000
CNN-BiLSTM 0.1833 0.4281 0.2601 0.5545 4.5599 0.0000

CNN-BiLSTM-Attention 0.1798 0.424 0.2315 0.563 4.5905 0.0000

Specifically, the CNN-BiLSTM-Attention model achieved MSE, RMSE, MAE, and
MAPE values of 0.1798, 0.4240, 0.2315, and 54.6521%, respectively, which remained the low-
est among all competing models. These results confirm that the CNN-BiLSTM-Attention
model, which integrates a range of predictive factors, continues to demonstrate supe-
rior forecasting performance in the context of the CSI 300 Index, thereby validating its
robustness and effectiveness in modeling stock market volatility.
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4. Extension Analysis and Economic Value Performance
4.1. Extension Analysis
4.1.1. Forecasting Performance During Periods of High and Low Volatility

Liang et al. [38] demonstrated that model predictive capabilities vary according to
divergent market volatility scenarios. This study further investigated the predictive per-
formance of the HAR-RV model, traditional machine learning models, and deep learning
models, including the CNN-BiLSTM-Attention model, under distinct market volatility
conditions. To achieve this, market states within the out-of-sample interval were classified
as either high volatility or low volatility, using the mean stock volatility during this period
as the delineation criterion. The specific definitions for these volatility levels are as follows:{

High Volatility : RVt > n−1 ∑n
t=1 RVt

Low Volatility : RVt ≤ n−1 ∑n
t=1 RVt

(33)

Table 14 presents the out-of-sample prediction performance of different models under
two subsample periods: high and low volatility. The results indicate that deep learning
models generally maintain robust predictive capabilities across both regimes. Notably,
the CNN-BiLSTM-Attention model consistently achieved lower loss function values and
higher R2

oos values compared to most competing models. However, during the high volatil-
ity period, the CNN-BiLSTM model outperformed the CNN-BiLSTM-Attention model,
achieving an R2

oos of 0.5157, slightly exceeding the CNN-BiLSTM-Attention model’s 0.4728.
This deviation may be attributed to the increased model complexity introduced by the
attention mechanism. Specifically, in highly volatile and noisy environments, the attention
mechanism may struggle to learn stable and meaningful attention weights, increasing
the risk of overfitting or misinterpreting short-lived fluctuations. Moreover, attention
mechanisms that weigh information across the entire historical sequence may inadvertently
dilute the influence of recent market movements, which are often more critical during
periods of heightened volatility. In contrast, the BiLSTM model—without the additional
attention layer—can more directly transmit recent temporal information, thus achieving
better forecasting performance under such conditions.

Table 14. Forecasting performance during periods of high and low volatility.

Model MSE RMSE MAE R2
oos CWstat CWp_Value

HAR-RV 1.0011 1.0006 0.5961 - - -
SVR 0.9068 0.9523 0.6235 0.0942 2.5616 0.0052

Random Forest 0.6444 0.8028 0.4115 0.3563 2.9206 0.0017
XGBoost 0.8340 0.9132 0.5035 0.1669 2.5660 0.0051

LSTM 0.7249 0.8514 0.4689 0.2759 2.8246 0.0024
BiLSTM 0.5636 0.7507 0.4059 0.4371 3.1649 0.0008

CNN-LSTM 0.5382 0.7336 0.4264 0.4624 3.1480 0.0008
CNN-BiLSTM 0.4849 0.6963 0.3903 0.5157 3.4281 0.0003

CNN-BiLSTM-Attention 0.5278 0.7265 0.4240 0.4728 3.2055 0.0007
HAR-RV 0.1799 0.4242 0.2819 - - -

SVR 0.0177 0.1330 0.1037 0.9017 5.0471 0.0000
Random Forest 0.1205 0.3472 0.3160 0.3300 3.5072 0.0002

XGBoost 0.0380 0.1949 0.1674 0.7889 4.2773 0.0000
LSTM 0.0988 0.3144 0.2524 0.4507 3.6390 0.0001

BiLSTM 0.0724 0.2691 0.2192 0.5974 4.0248 0.0000
CNN-LSTM 0.0544 0.2332 0.1729 0.6977 4.3302 0.0000

CNN-BiLSTM 0.0611 0.2472 0.2136 0.6605 4.0879 0.0000
CNN-BiLSTM-Attention 0.0380 0.1950 0.1573 0.7886 4.4674 0.0000
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In the low-volatility regime, the SVR model exhibited superior performance relative
to the CNN-BiLSTM-Attention model. This advantage can be explained by two factors.
First, SVR’s ε-insensitive loss function allows it to disregard small deviations, thereby
focusing on capturing the general trend without being unduly affected by minor market
fluctuations. Second, the SVR model with a radial basis function (RBF) kernel possesses
strong generalization ability, making it particularly effective in environments characterized
by smooth, non-extreme nonlinear relationships. In contrast, the CNN-BiLSTM-Attention
model, with its higher parameter complexity, may be more susceptible to overfitting in
low-volatility contexts where the signal-to-noise ratio is relatively low and informative
features are less pronounced.

4.1.2. Examining the Validity of Different Predictors

While the evaluation of the prediction results on the test dataset shows the effec-
tiveness of the CNN-BiLSTM-Attention model in forecasting the SSEC Index volatility, it
does not clearly explain the contribution of different predictors to volatility prediction.
Therefore, the predictors were classified into four categories: (A) micro-trading behavioral
data, specifically technical indicators; (B) macroeconomic indicators; (C) economic policy
uncertainty (EPU); and (D) jump components.

Subsequently, the potential of the various predictors in enhancing the accuracy of the
CNN-BiLSTM-Attention model in volatility prediction was investigated. Figure 6 illustrates
the mean loss (calculated as the mean of the four evaluation metrics) of the CNN-BiLSTM-
Attention model when utilizing different combinations of predictors. As illustrated in
Figure 6, the average loss of the CNN-BiLSTM-Attention model when utilizing solely
technical indicators was the highest, while the average loss of the model incorporating
four predictors was the lowest. Incorporating macroeconomic factors, EPU indicators, and
the jump component can potentially mitigate the average loss of the model prediction to a
certain extent. Furthermore, the average loss of the combination of predictors comprising
macroeconomic indicators was less than that of the other combinations of predictors.
This suggests that macroeconomic indicators contain valuable information and play an
instrumental role in volatility forecasting.

Figure 6. Mean loss of CNN-BiLSTM-Attention model with different predictors.

4.2. Economic Value Performance

In addition to statistical evaluation, both market participants and policymakers are
concerned with the economic value of forecasting models. To better assess the practical ap-
plicability of these models, this study adopted the realized utility framework for economic
value analysis [39]. This framework exclusively relies on RV forecasts and is designed
to quantify the utility gains of investors with mean-variance preferences when allocating
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assets characterized by time-varying volatility and a constant Sharpe ratio. In this paper, we
applied this framework to evaluate the average expected utility associated with precious
metal futures, calculated as follows:

U
(

R̂Vt+1

)
=

1
n + 1 ∑n

t=1
SR2

γ

 √
RVt√
R̂Vi,t

− 1
2

RVt

R̂Vi,t

 (34)

where γ and SR represent the risk aversion coefficient and Sharpe ratio, respectively.
According to Guo et al. [40], this study set the SR to 0.4 and considered three different levels
of risk aversion, specifically, γ = 2, γ = 3, and γ = 6. Under the assumption that the model
can perfectly forecast realized volatility, the corresponding maximum average expected
utilities were 4.000%, 2.667%, and 1.333%.

Table 15 presents the average expected realized utility generated by each model under
different levels of risk aversion, thereby reflecting the economic significance of each model’s
performance in volatility forecasting.

Table 15. Economic value performance results.

Model γ = 2 γ = 3 γ = 6

HAR-RV 2.9456 1.9637 0.9819
SVR 3.0622 2.0415 1.0208

Random Forest 3.5641 2.3761 1.1881
XGBoost 3.5159 2.3440 1.1720

LSTM 3.1534 2.1023 1.0512
BiLSTM 3.6983 2.4655 1.2328

CNN-LSTM 3.7004 2.4669 1.2335
CNN-BiLSTM 3.7068 2.4712 1.2356

CNN-BiLSTM-Attention 3.6952 2.4635 1.2317
Note: The table reports the realized utility values of each model based on the mean-variance utility function. All
values are expressed as percentages.

From Table 15, it is evident that, with the exception of the LSTM model, the realized
utility values of deep learning models are generally higher than those of other models.
This indicates that market participants with varying levels of risk aversion can obtain
greater economic gains when using models such as BiLSTM, CNN-LSTM, CNN-BiLSTM,
and CNN-BiLSTM-Attention for volatility forecasting. The likelihood of achieving higher
investment returns is thus enhanced.

Under the scenario where γ = 2, both traditional machine learning models and deep
learning models exhibited higher realized utility values compared to the benchmark HAR-
RV model. Given known risk aversion coefficients and Sharpe ratios, the CNN-BiLSTM-
Attention model achieved a realized utility that was 0.7496 percentage points higher than
that of the HAR-RV model. This implies that, within a fixed risk-preference framework, an
investor would require an additional cost of 0.7496% to elevate the utility of the HAR-RV
model to the level achieved by the CNN-BiLSTM-Attention model. This cost difference can
be interpreted as an additional return potential for asset management institutions.

In summary, the realized utility outcomes across different forecasting models not
only validate the superior predictive accuracy of deep learning models—particularly the
CNN-BiLSTM-Attention model—in modeling the volatility of the Shanghai Composite
Index, but also highlight their practical value in delivering economic benefits to investors
in real-world financial decision-making.
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5. Conclusions
This paper investigates the impact of macro and micro predictors, such as macroe-

conomic indicators and micro-trading technical indicators, indices used to forecast stock
market volatility, using the GARCH-MIDAS model and the CNN-BiLSTM-Attention model.
Firstly, we apply LASSO and factor analysis to condense macroeconomic predictors and
PCA to synthesize technical indicators through dimensionality reduction techniques. Subse-
quently we integrate monthly macroeconomic indicators and EPU with daily stock market
index data through a GARCH-MIDAS model to estimate conditional volatility, effectively
bridging the mixed-frequency data structure. In the final prediction phase, the conditional
volatility (ht) is combined with other predictors to form the input tensor for our CNN-
BiLSTM-Attention model for volatility forecasting. To evaluate model performance, we
conduct comprehensive empirical analyses using daily returns from the SSEC Index, em-
ploying MSE, RMSE, MAE, and MAPE as evaluation metrics. The results demonstrate that
the CNN-BiLSTM-Attention framework achieves superior predictive accuracy compared
to benchmark models. These findings are further substantiated through MCS tests and
DoC tests, confirming the model’s robustness in volatility forecasting. Finally, through
extension analysis, the results show that deep learning models perform better during high-
volatility periods, while the SVR model achieves better results in low-volatility periods and
macroeconomic indicators contain valuable information and play an instrumental role in
volatility prediction.

The out-of-sample prediction results of the CNN-BiLSTM-Attention model demon-
strate substantial economic value across different levels of risk aversion. Other deep
learning models also exhibit superior performance, further confirming that the application
of deep learning techniques to stock market volatility forecasting not only improves pre-
dictive accuracy in statistical evaluations but also yields meaningful economic benefits for
investors. These findings underscore the strong practical utility and application potential
of deep learning models in real-world investment decision-making contexts.

This paper develops a methodological framework for analyzing volatility dynamics
in China’s finance markets, integrating predictive modeling techniques with empirical
market data. In future research, the model architecture could be extended through the
incorporation of option-implied, forward-looking information and investor sentiment to
enhance volatility forecasting accuracy, or more adaptive model fusion techniques, which
could include dynamic weight allocation mechanisms for ensemble models based on
prevailing market conditions or economic cycle stages, could be developed. Furthermore,
the model’s practical applications in financial risk management systems and derivative
pricing mechanisms warrant dedicated exploration.
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Abbreviations
The following abbreviations are used in this manuscript:

SSEC Shanghai Composite Index
CNN Convolutional Neural Network
BiLSTM Bidirectional Long Short-term memory
EPU Economic Policy Uncertainty Index
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