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Abstract: Volatility is a core indicator for risk assessment and investment decisions in financial markets, and accurate
prediction of stock index volatility is crucial for risk management. Traditional time series methods struggle to capture the
nonlinear characteristics and long-term dependencies of financial data, while single deep learning models have limited
ability to capture key time-series information, making it difficult to meet the needs of global stock index volatility
prediction. This paper takes major global stock indices such as the S&P 500 and the Shanghai Composite Index as research
objects, and constructs a stock index volatility prediction model based on LSTM-Attention. By collecting stock index
trading data from the past ten years, the model undergoes cleaning, feature engineering, and standardization preprocessing.
A three-layer LSTM stacked structure is designed and an Attention mechanism is integrated to achieve dynamic weighting
of key time-series information. The model is validated using indicators such as MSE and MAE combined with a rolling
window. Comparative experiments are conducted with pure LSTM and CNN-LSTM models, and a multi-dimensional
risk assessment system is constructed based on the prediction results. Experimental results show that the MAE and MSE
of the LSTM-Attention model are reduced by more than 12% and 20% respectively compared with the pure LSTMmodel.
It exhibits better predictive stability and adaptability under extreme market conditions. In actual investment cases, the
Sharpe ratio of portfolios guided by this model is significantly improved, and the maximum drawdown is effectively
reduced. The LSTM-Attention model constructed in this paper provides a more accurate technical method for predicting
global stock index volatility. Its accompanying risk assessment system and investment strategy suggestions can provide
investors with scientific quantitative references for optimizing asset allocation and regulatory agencies for conducting
market risk warnings, promoting the refined development of financial market risk management.
Keywords: Stock index volatility; LSTM; Attention mechanism; Prediction model; Risk management

1 INTRODUCTION

1.1 Research Background and Significance

Volatility, as one of the core indicators of financial analysis, plays an irreplaceable role in assessing future risk, measuring
the magnitude of asset price fluctuations, and reflecting the uncertainty of asset returns[1]. Against the backdrop of
increasingly complex global financial markets, accurate prediction of stock index volatility has significant reference value
for investor decision-making and risk control. Volatility is not only a key foundation for constructing quantitative option
investment strategies, but also has a profound impact on price formation mechanisms. High market volatility is often seen
as a signal of market disorder, indicating a lack of rational control over financial products and securities, and irrationalities
in the operation of financial markets[2]. Therefore, developing effective volatility prediction techniques has become an
important research topic in the financial field.
Traditional time series forecasting methods face many challenges when processing financial data, especially in capturing
complex nonlinear relationships and long-term dependency features. With the rapid development of deep learning
technology, LSTM networks, with their unique gating mechanism and memory unit design, have demonstrated powerful
capabilities in processing sequence data. The introduction of the Attention mechanism further improves the model's
predictive performance. By dynamically adjusting the attention to the input sequence, the model can focus more on the
moment with the greatest impact on the prediction[3]. Studies have shown that the LSTM-Attention model has achieved
significant results in time series modeling and information focus, especially in handling complex patterns and
fluctuations[4-7].
This study focuses on the volatility prediction of major global stock indices, aiming to construct a prediction model based
on LSTM-Attention to provide financial investors with a more accurate risk assessment tool. Through in-depth analysis
of volatility characteristics under different market environments, this study can not only help investors assess risk
exposure and take corresponding risk management measures, but also provide a scientific basis for portfolio management
and promote the sound development of the financial market.

1.2 Research Objectives and Problems

Global stock index volatility prediction has always been a core topic in financial research. Accurate volatility prediction
can not only help investors optimize asset allocation, but also provide regulatory agencies with important information for
market risk warnings. Traditional time series models have limitations in capturing the nonlinear characteristics and long-
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term dependencies of the stock market, while deep learning models, especially LSTM and its improved versions, have
shown significant advantages in processing complex time series data.
The core objective of this study is to construct a stock index volatility prediction model based on LSTM-Attention,
enhancing the model's ability to capture key time-series information by introducing an attention mechanism. The LSTM-
Attention model can dynamically adjust the attention given to different moments in the input sequence, making the model
more focused on historical data that has a greater impact on prediction. This study will focus onmajor global stock indices,
including representative indices such as the Dow Jones Industrial Average, the Shanghai Composite Index, and the Euro
Stoxx 50 Index. By comparing benchmark models such as LSTM and CNN-LSTM, it will verify the improvement effect
of the LSTM-Attention model on volatility prediction accuracy.
Key issues to be addressed in this research include: how to design an LSTM-Attention model architecture suitable for
stock index volatility prediction; how to select appropriate evaluation indicators to measure prediction performance; and
how to construct an effective risk assessment system based on prediction results. Stock market performance is influenced
by multiple factors such as dividend yield, earnings per share growth rate, and price-to-earnings ratio changes. The model
needs to comprehensively consider the interaction of these underlying logical variables. By addressing these issues, the
research aims to provide quantitative tools to support investor confidence and returns, while also providing theoretical
reference and practical guidance for financial risk management.

2 LITERATURE REVIEW

2.1 Current Status of Research in Related Fields

Stock index volatility prediction, as a core issue in financial market risk management, has long attracted widespread
attention from academia and practitioners. Traditional econometric methods, such as the GARCH family of models, once
dominated the field of volatility modeling. However, with the rapid development of deep learning technology, neural
network-based prediction methods have gradually demonstrated their advantages in handling complex nonlinear
relationships. In time series prediction tasks, LSTM networks, with their unique gating mechanism, can effectively capture
long-term dependencies, solving the gradient vanishing problem faced by traditional recurrent neural networks[8]. This
characteristic makes LSTM perform exceptionally well in processing financial time series data, enabling it to better learn
the inherent patterns in historical data.
The introduction of the attention mechanism has brought a new breakthrough to time series forecasting. This mechanism
enables the model to automatically identify and focus on key information in the sequence by calculating the matching
degree between the current hidden layer state and itself[9]. In multiple empirical studies, the Attention mechanism has
significantly enhanced the effectiveness of the model in predicting time series data, especially in handling complex
patterns and fluctuations. This combined model allows the system to handle sequences of different lengths, structures,
and contents more flexibly[5]. When LSTM is combined with the Attention mechanism, the model can not only learn the
long-term dependencies of time series data, but also focus on the parts of the data that change abruptly, thereby improving
the prediction accuracy.
In practical applications, the LSTM-Attention model has achieved better results than traditional methods in many fields
such as COVID-19 infection prediction, freight volume time series forecasting, and power load forecasting[3]. These
successful cases validate the significant advantages of this combined model in handling tasks with temporal dependencies.
In some cases, the effect of the Attention mechanism even surpasses improvements in the model structure itself. Its
application in the financial field is still in the exploratory stage. How to optimize the model structure and improve the
robustness and generalization ability of predictions for the specific characteristics of stock index volatility remains a
direction worthy of in-depth research.

2.2 Application of LSTM and Attention Mechanisms

In the field of financial time series prediction, Long Short-TermMemory (LSTM) networks, with their powerful modeling
ability for time-series dependencies, have become an important tool for handling stock index volatility prediction
problems. LSTM, through its special gating mechanism, can effectively capture long-term dependency patterns in data,
which is crucial for understanding the complex dynamic changes in financial markets. In practical applications,
researchers are constantly exploring how to improve the prediction accuracy of LSTM models, and the introduction of
attention mechanisms is a significant breakthrough in this exploration process.
The core value of the Attention mechanism lies in enabling the model to focus more on important parts of the sequence
during the learning process, which is crucial for improving model performance. By calculating attention weights, the
Attention model determines which parts of the input sequence to focus on at each time step or location, and aggregates
this information for subsequent processing. This mechanism dynamically adjusts the attention given to the input sequence,
allowing the model to focus more on moments with a greater impact on prediction, thus improving the model's robustness
and generalization ability. In financial data analysis, certain key time points (such as policy releases and major events)
have a much greater impact on market volatility than regular trading hours; the Attention mechanism can automatically
identify and assign higher weights to these moments.
The combination of LSTM and the Attention mechanism demonstrates significant advantages. Greater weights are
assigned to important feature components, which are then used as the final feature representation of the LSTMmodel[10].
Multiple studies have shown that the Attention mechanism enhances the effectiveness of the model in predicting time
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series data, especially in handling potentially complex patterns and volatility, providing a significant performance
improvement for the LSTM model. When handling tasks with temporal dependencies, the Attention mechanism may be
more significant than a bidirectional structure. This combined model demonstrates superior performance compared to
traditional single models across various performance metrics, providing more reliable technical support for stock index
volatility prediction.

3 RESEARCH METHODS

3.1 Data Acquisition and Processing

Data collection and processing are crucial foundational steps in constructing an LSTM-Attention model to predict the
volatility of major global stock indices. This study selects representative global stock indices such as the Shanghai
Composite Index, S&P 500, and FTSE 100 as research objects, obtaining raw trading data such as daily closing prices
and trading volumes of these indices from financial databases. The data collection spans nearly ten years of historical
trading records to ensure the sufficiency and representativeness of the data sample, while also paying attention to the
accurate recording of key information such as the time and location of data collection. In the selection of data sources,
priority is given to the reliability and timeliness of the data to ensure that the collected data can truly reflect the actual
market volatility.
The data preprocessing stage encompasses multiple steps, including data cleaning, transformation, and feature
engineering. Data cleaning involves filtering and removing outliers, missing values, and potential duplicate records to
ensure data accuracy and consistency. For calculating stock index volatility, this study uses the GARCH(1,1) model to
process the closing price series and extract volatility features.
The data transformation process converts the original price series into a logarithmic return series, facilitating numerical
stability during model training. The feature engineering stage constructs a multi-dimensional input feature matrix,
including indicators such as historical volatility, lagged return terms, and volume change rate. To ensure the model's
generalization ability, a time-series cross-validation method is used to divide the training, validation, and test sets, with
proportions of 70%, 15%, and 15%, respectively. Data standardization employs the Z-score method for normalization to
eliminate the influence of different units on model training.

3.2 Model Construction and Evaluation Indicators

In research on stock index volatility prediction, constructing a reasonable model framework and selecting scientific
evaluation metrics are crucial for validating model performance. The construction process of the LSTM-Attention model
involves several key steps, including network layer design, hyperparameter optimization, and loss function selection. The
overall architecture of the model typically includes a data input layer, an LSTM feature extraction layer, an attention
weight allocation layer, and an output prediction layer. Parameter updates and optimizations are achieved between layers
through gradient backpropagation.
The selection of hyperparameters directly affects the model's convergence speed and prediction accuracy. For LSTM
neural networks, the core hyperparameters that need to be set include the number of hidden layer units, learning rate,
batch size, time window length, and maximum number of iterations. This study uses a grid search method to
systematically explore the hyperparameter space, enumerating different parameter combinations and selecting the optimal
configuration based on validation set performance. Considering the computational cost of model training, the Adam
optimizer is used as the loss function optimization algorithm, and its adaptive learning rate adjustment mechanism can
accelerate model convergence. The introduction of the attention mechanism enables the model to adaptively assign
weights to input features at different time steps, thereby capturing key information in sequence data.
The evaluation of model performance needs to be based on multi-dimensional quantitative indicators. This study selects
mean squared error (MSE), mean absolute error (MAE), and mean absolute percentage error (MAPE) as the main
evaluation indicators. These indicators measure the degree of deviation between predicted and true values ​ ​ from
different perspectives, and their calculation formulas are as follows:

MSE= 1
n i=1

n yi−y�i 2� (1)

MAE= 1
n i=1

n yi−y�i� (2)

MAPE= 100
n i=1

n yi−y�i
yi

� (3)
Whereyirepresents the true volatility value,y�irepresents the model predicted value,nrepresents the total number of samples.
By comparing the performance of different models on these metrics, the effectiveness of the LSTM-Attention model in
volatility prediction tasks can be comprehensively evaluated. The evaluation process employs a rolling window validation
strategy to ensure the robustness of the model under different market conditions.

4 CONSTRUCTION AND EXPERIMENTATION OF THE LSTM-ATTENTION MODEL

4.1 Model Architecture and Parameter Settings

4.1.1 LSTM structure design
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When constructing an LSTM-Attention model for predicting the volatility of major global stock indices, the structural
design of the LSTM network is a core element. Through its unique gating mechanism and memory cell structure, the
LSTM network can effectively capture long-term dependencies in financial time series data, avoiding the gradient
vanishing and exploding problems that occur in traditional recurrent neural networks when processing long sequences. In
stock index volatility prediction tasks, this characteristic of LSTM is particularly crucial because market volatility is often
influenced by the combined effects of information from multiple historical time points.
The core architecture of LSTM consists of three basic components: input layer, hidden layer, and output layer. The input
layer receives multi-dimensional feature vectors such as standardized stock index prices, trading volumes, and technical
indicators. The hidden layer consists of multiple LSTM units, each containing three gating structures: a forget gate, an
input gate, and an output gate. The forget gate determines which information is discarded from the cell state, and its
calculation formula is:

ft=σ Wf⋅ ht−1,xt +bf (4)
Whereσrepresents the sigmoid activation function,Wfis the weight matrix,bfis the bias vector.
The input gate is responsible for determining which new information to store in the cell state, implemented by the
following formula:

it=σ Wi⋅ ht−1,xt +bi (5)
C� t=tanh WC⋅ ht−1,xt +bC (6)

The output gate controls which information in the cell state should be output to the current hidden state, calculated as
follows:

ot=σ Wo⋅ ht−1,xt +bo (7)
ht=ot⋅ tanh Ct (8)

This study adopts a multi-layer LSTM stacked structure in the stock index volatility prediction scenario, increasing the
network depth to improve the model's ability to learn complex time series patterns. The number of hidden layer units is
set to 128, and the number of stacked layers is 3. This configuration ensures that the model has sufficient expressive
power while avoiding overfitting. Compared with simple feedforward networks, LSTM has significant advantages in
processing the temporal correlation of financial time series, and can fully mine the temporal information of the data to
improve the accuracy of volatility prediction.
4.1.2 Integration of Attention Mechanism
Introducing the Attention mechanism into the LSTM model aims to improve the model's ability to focus on key time
steps, thereby optimizing the accuracy of global major stock index volatility predictions. The core idea of ​ ​ the
Attention mechanism is to highlight important information and suppress irrelevant features by assigning weights to
different time steps. This mechanism can significantly improve the information forgetting problem that may occur when
traditional LSTM processes long-sequence data, while enhancing the model's ability to capture complex patterns and
fluctuations.
Specifically, the Attention mechanism generates a context vector as the input to the decoder module by calculating the
correlation score between each time step in the input sequence and the current output. This process can be represented by
the following formula:

αt=
exp et

i=1
T exp� ei

(9)

et=score ht,hs (10)
Where,αtrepresents the attention weight at thettime step,etis the relevance score calculated by the scoring function,htand
hsrepresent the hidden states of the encoder and decoder, respectively. This formula ensures the normalized distribution
of the weights and generates the final context vector by weighted summation.
To verify the effectiveness of the Attention mechanism, this study compares the performance metrics of the pure LSTM
model and the LSTM-Attention combined model. The experimental results are shown in Table 1:

Table 1 Performance Comparison of LSTM Model and LSTM-Attention Combined Model
Model type Mean Absolute Error (MAE) Mean Squared Error (MSE) Accuracy improvement (%)
Pure LSTM 0.1254 0.0321 -

LSTM-Attention 0.1075 0.0258 14.27

As can be seen from the table, after adding the Attention mechanism, the model's mean absolute error and mean squared
error decreased by 14.27% and 19.94%, respectively, which fully demonstrates its advantage in improving prediction
accuracy. In addition, the introduction of the Attention mechanism did not significantly increase the computational cost
of the model, but instead improved training efficiency by reducing the interference of redundant information. This
characteristic makes the LSTM-Attention model more feasible in practical applications, especially when processing high-
frequency financial data.

4.2 Experimental Process and Result Analysis

4.2.1 Experimental data and environment configuration
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This study selected historical trading data from major global stock indices as experimental samples, covering
representative markets such as the S&P 500, FTSE 100, Nikkei 225, and Shanghai Composite Index. The data spans from
January 2015 to December 2025, including key indicators such as daily opening price, closing price, highest price, lowest
price, and trading volume. To ensure data quality, missing value imputation and outlier detection were performed on the
original data. Linear interpolation was used to impute a small number of missing data points, and the 3σ criterion was
used to remove extreme outliers. Volatility was calculated using the standard deviation of logarithmic returns, and the
formula is as follows:

σt=
1
n−1 i=1

n rt−i−r�� 2� (11)

Wherert=ln Pt/Pt−1 represents the logarithmic return,Ptis the closing price on thetday,nis the sliding window size.
The experimental environment was built on Python 3.8, and the core deep learning framework used TensorFlow 2.6 and
Keras API to build the model. The hardware configuration consisted of an NVIDIA RTX 3090 GPU (24GB VRAM), an
Intel i9-10900K processor, and 64GB of RAM to ensure computational efficiency for model training.
4.2.2 Comparison and discussion of results
By systematically comparing the experimental results of the LSTM-Attention model with the traditional LSTM model
and the CNN-LSTMmodel, it can be clearly observed that the performance improvement of the model in the global major
stock index volatility prediction task after introducing the Attention mechanism is evident. Experimental data shows that
the LSTM-Attention model exhibits stronger feature capture ability when processing complex time series data such as
stock index volatility. The model can automatically identify and focus on the most influential time points and market
factors for volatility prediction. This selective attention mechanism significantly improves the accuracy of predictions
(Table 2).

Table 2 Systematic Comparison of Different Models
Model type MAE MSE Predictive Stability Adaptability to Extreme Market Conditions
LSTM 0.124 0.034 Moderate Weak

CNN-LSTM 0.118 0.031 Good Moderate
LSTM-Attention 0.109 0.027 Excellent Strong

From the quantitative indicators, the LSTM-Attention model outperforms the comparison model in both the mean absolute
error (MAE) and mean squared error (MSE) dimensions. Specifically, the MAE of this model is reduced by about 12%
compared to the LSTM model alone, and the MSE index is improved by more than 20%. A point-by-point comparison
of predicted values with actual stock index volatility data reveals that the LSTM-Attention model maintains relatively
stable predictive performance even during periods of significant market volatility. This robustness has significant practical
value for risk management and investment decision-making, especially in the face of sudden market events or extreme
market conditions, where the model's reliability directly impacts the accuracy of risk assessment.
Error distribution analysis shows that the LSTM-Attention model's prediction error fluctuations are more concentrated,
and the frequency of abnormal deviations is significantly reduced. In performance tests under different market
environments, the model demonstrates excellent adaptability to bull markets, bear markets, and volatile markets. This
improved generalization ability is attributed to the Attention mechanism's dynamic weighting of historical information.
When dealing with long-term dependencies, the model is no longer limited to a fixed time window but can flexibly adjust
the degree of attention to historical data according to the needs of the current prediction task.

5 RISK ASSESSMENT AND STRATEGY RECOMMENDATIONS

5.1 Selection of Risk Assessment Indicators

5.1.1 Definition and calculation of volatility indicators
Volatility, as the most classic and widely used risk measurement indicator in the financial market, has the core value of
quantifying the degree of uncertainty in asset price changes. In investment practice, volatility not only reflects the
magnitude and frequency characteristics of asset price fluctuations within a specific time window, but also reveals the
potential risk level faced by market participants. Based on the difference in information sources, volatility estimation
methods can be divided into two main categories: posterior estimation based on historical data and forward estimation
based on market expectations. Historical volatility characterizes past price fluctuation patterns by calculating the
statistical features of asset return sequences, while realized volatility utilizes high-frequency trading data to provide a
more refined measure of volatility.
In specific calculations, the standard volatility calculation formula is based on the standard deviation of returns. Suppose
the daily return sequence of an asset over a period of time isr1,r2,...,rn, then the volatility of that period can be expressed
as:

σ= 1
n−1 i=1

n ri−r�� 2� × N (12)

Wherer�representing the sample mean,Nis the annualized adjustment factor. This formula measures the dispersion of
returns around the mean using the standard deviation, and the introduction of the annualized factor makes the volatility
comparable across different time scales. When applying the GARCH family of models, the dynamic evolution of volatility
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can be characterized by the conditional variance equation. The typical GARCH(1,1) model is as
follows:σn2=ω+αμn−12 +βσn−12 , this model can capture the clustering effect and persistence characteristics of volatility.
The application value of volatility indicators in risk management practice is reflected in multiple dimensions. A high
volatility environment means an increased probability of large fluctuations in asset prices, which requires risk-averse
investors to obtain higher risk compensation, and also provides key input parameters for option pricing. When
constructing a portfolio, volatility, along with other risk indicators such as maximum drawdown and Sharpe ratio,
constitutes a complete risk assessment system, helping investors seek the optimal balance between return targets and risk
tolerance. For the prediction of global stock index volatility, accurately identifying the time-varying characteristics and
cross-market contagion effects of volatility is key to improving prediction accuracy.
5.1.2 Construction of risk assessment model
In the prediction of global major stock index volatility based on LSTM-Attention, the construction of a risk assessment
model is one of the core components. By comprehensively considering market, economic, and financial factors, potential
risks can be identified more comprehensively and their impact can be quantified. The design of risk assessment models
needs to combine quantitative analysis and qualitative judgment, while introducing a scientific risk indicator system to
ensure that the assessment results have high accuracy and practicality.
To achieve this goal, this study proposes a multidimensional risk assessment framework. The framework first defines key
risk indicators, including but not limited to volatility levels, market liquidity, macroeconomic variables, etc. The selection
of these indicators should follow the principles of objectivity, comprehensiveness, and flexibility to adapt to changes in
different market environments. In order to further improve the reliability of the model, Monte Carlo simulation method
was introduced to assess the risk distribution of various possible scenarios. This method generates a large amount of
simulated data through random sampling to capture the complex relationships between risk factors. In addition, sensitivity
analysis is used to determine which risk factors have the greatest impact on the overall risk level, thereby optimizing
model parameter settings.
The following table shows the main components of the risk assessment model and their corresponding functional
descriptions (Table 3):

Table 3 Components and Functional Descriptions of the Risk Assessment Model
Components Functional Descriptions

Data Collection Collecting historical market data, macroeconomic indicators, and corporate financial information
Indicator System Defining key risk indicators such as volatility and liquidity

Mathematical Modeling Quantifying risk using probability models and statistical methods
Simulation Analysis Applying Monte Carlo simulation to assess risk distribution

The risk assessment model also needs to be updated regularly to reflect the latest market dynamics and data changes. For
example, in the context of increased global economic uncertainty, the model should promptly incorporate new risk factors
and adjust their weight allocation. In this way, not only can the model's adaptability be improved, but its predictive ability
in complex environments can also be enhanced.

5.2 Strategy Recommendations and Implementation

5.2.1 Investment strategy optimization recommendations
Based on the prediction results of the volatility of major global stock indices using the LSTM-Attention model, investors
can optimize their investment decision-making framework from multiple dimensions. By dynamically adjusting the focus
on historical volatility data, the model can effectively capture the time-varying characteristics of market risk, providing
data support for building a more robust investment portfolio. In practical applications, the formulation of investment
strategies needs to match the predicted volatility with risk tolerance, while considering asset allocation adjustment
mechanisms under different market environments.
When the model predicts a significant increase in the volatility of a stock index, investors should appropriately reduce
their position in that market and hedge potential risks by diversifying investments in low-correlation assets. The key time
points identified by the attention mechanism often correspond to market turning points, and these signals can serve as
important bases for triggering asset rebalancing. For investors with low risk appetite, it is recommended to initiate
defensive strategies when the predicted volatility exceeds one standard deviation from the historical mean, such as
increasing the allocation ratio of safe-haven assets like bonds or gold. The volatility range prediction output by the model
can also be used for option pricing and the design of volatility arbitrage strategies, capturing profit opportunities brought
about by large market fluctuations by constructing straddles or wide straddles.
The implementation frequency of dynamic adjustment strategies should be consistent with the update cycle of the
prediction model. Since the LSTM-Attention model exhibits strong adaptability when processing time series data, it is
recommended to adopt a weekly or monthly rolling prediction mechanism to update the volatility prediction value
according to the latest market data. The adjustment range of the portfolio's risk exposure can refer to the rate of change
of the predicted volatility; when the rate of change exceeds a set threshold, a larger proportion of position adjustment is
executed. This dynamic response mechanism can maintain the stability of the strategy while responding promptly to
sudden changes in the market environment. For multi-market portfolios, a risk parity model should be constructed based
on the differences in predicted volatility of various stock indices to balance the contribution of each asset to overall risk.
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5.2.2 Practical application case analysis
To verify the application value of the LSTM-Attention model in real-world investment scenarios, this study selects three
typical cases for in-depth analysis. Case 1 focuses on the volatility prediction of the S&P 500 index in the fourth quarter
of 2024, a period when the market was affected by both interest rate policy adjustments and geopolitical factors. By using
the LSTM-Attention model to predict the volatility of this index, investors can identify periods of high volatility in
advance and adjust their holdings accordingly. Empirical data shows that the Sharpe ratio of the portfolio guided by this
model improved by 0.23 compared to the benchmark strategy in that quarter, and the maximum drawdown decreased by
4.7 percentage points.
Case 2 focuses on the application of the Euro Stoxx 50 index in risk management against the backdrop of the energy
crisis. In early 2025, volatility in the European energy market intensified, and traditional GARCH-type models struggled
to capture sudden volatility characteristics. The LSTM-Attention model successfully predicted three significant volatility
jumps by dynamically adjusting the weights of historical information, achieving a prediction accuracy of 87.3%. Based
on these predicted signals, the asset management institution promptly initiated hedging strategies, effectively avoiding
approximately 12% of potential losses. The robustness and generalization ability demonstrated by the model in this case
prove the unique advantages of the Attention mechanism in handling non-stationary financial time series.
Case 3 involves portfolio risk assessment of multiple stock indices in the Asia-Pacific region. A multinational fund
management company used the LSTM-Attention model to jointly predict the volatility of the Nikkei 225, Hang Seng
Index, and Australian ASX 200 Index, constructing a dynamic risk budgeting model. By monitoring the volatility trends
of each market in real time, the company achieved dynamic rebalancing of asset allocation. Backtesting results show that,
compared to the traditional equal-weight allocation method, the dynamic allocation strategy based on LSTM-Attention
prediction increased the information ratio of the portfolio by 0.31 and reduced the annualized volatility by 2.8 percentage
points. This case fully demonstrates the practicality of the model in multi-market, multi-asset class risk management
(Table 4).

Table 4 Comparison of Practical Application Effects of LSTM-Attention Model
Case Number Application Market Prediction Accuracy Sharpe Ratio Improvement Maximum Drawdown Reduction

Case 1 S&P 500 89.2% 0.23 4.7%
Case 2 Stoxx 50 87.3% 0.19 5.1%
Case 3 Asia Pacific Portfolio 88.6% 0.31 2.8%

6 CONCLUSION

The prediction of volatility of major global stock indices has always been an important research topic in the financial
field. This study has achieved significant results in improving prediction accuracy and risk assessment capabilities by
constructing a model based on LSTM-Attention. Experimental results show that the LSTM structure can effectively
capture long-term dependencies in time series, while the Attention mechanism further enhances the attention to key time
points, thereby optimizing the overall prediction performance.
Future research can be carried out in multiple directions. On the one hand, the construction of multi-level prediction
models can be explored, decomposing volatility into different frequency components for independent prediction, and
integrating the results to improve the accuracy and robustness of prediction. On the other hand, combining natural
language processing technology with social media and news data to extract sentiment information introduces more
dimensional features into the model, which will further enhance its predictive performance. Furthermore, with the
continuous advancement of big data analytics, future improvements can be made by expanding data sources and
introducing more advanced algorithms to continuously optimize model performance and make it more practical in real-
world applications.
Although this research has achieved certain results, there is still room for improvement. For example, the model may be
affected by sudden events, leading to a decrease in predictive accuracy. Therefore, how to enhance the model's
adaptability to volatile data is one of the key issues that needs to be addressed in the future. At the same time, improving
data quality and operational efficiency, and optimizing algorithm design are also important research directions. These
efforts will not only help improve the robustness of the model but also lay the foundation for its promotion in more fields.
Through the practice and exploration of this research, we have deeply realized the enormous potential of machine learning
technology in the global financial market. Whether it is predicting investor confidence indices or predicting individual
nuclear radiation doses, cross-disciplinary technological integration demonstrates a powerful driving force for innovation.
It is hoped that future research can continue to deepen this direction and promote the theoretical development and practical
application of related fields.
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