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Abstract: Given the highly coupled global financial markets and the rapid progress of
information transmission, traditional single-market stock index prediction and trading
strategies are no longer able to cope with investment needs in a multi-market dynamic
environment. This paper presents a multi-market stock index prediction and trading strategy
system model that integrates complex network structure modeling and reinforcement
learning optimization mechanism. It constructs a dynamic financial network based on
sliding windows and correlation indicators, which can capture the structural correlation and
evolution trend between various market indexes. It introduces graph neural networks
(GNNs) to analyze the potential characteristics of graph structures, and integrates
reinforcement learning frameworks to design adaptive trading strategies. It further uses
multi-agent game mechanisms to depict the interactive mode of market behavior and
improve the robustness and generalization level of strategies. In the empirical part, ten
major global stock index data sets from 2010 to 2023 are used for backtesting. The
proposed model is superior to traditional time series models and strategy methods in terms
of prediction accuracy, profitability and risk control. The study provides new ideas for
dynamic modeling and risk control of complex financial systems, and also lays a theoretical
and practical foundation for the design of intelligent trading systems in a multi-market
environment.

1 Introduction

1.1 Research background and practical significance

Based on the background of highly interconnected global financial markets, stock index changes
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are no longer the result of a single market's own fundamentals or sentiment, but rather reflect the
interconnectedness and structural relationship between markets. In a complex financial system,
complex characteristics such as nonlinear coupling, time-delayed feedback, and multi-scale
dynamics appear between multi-market stock indexes, and traditional single-market analysis
methods are difficult to capture the full picture. As an important indicator to measure the overall
operation level of the capital market, making accurate predictions and optimizing trading strategies
based on it not only reflects the great significance of financial practice, but also provides key tools
for understanding systemic financial risks. Constructing a predictive trading system that integrates
complex network structure modeling and reinforcement learning decision-making mechanisms is of
great significance to enhancing the scientific nature of market analysis and the adaptability of
trading strategies.

1.2 Current status and review of domestic and foreign research

In the field of international academic research, complex network theory has been widely used in
financial system modeling. For example, the scale-free network proposed by Barab&i et al. has
shown strong explanatory power in explaining the phenomenon of extreme market fluctuations. The
financial network contagion model established by Elliott, Golub and Jackson (2014) has broadened
the scope of research on systemic risk. When it comes to forecasting technology, the research on
stock index forecasting using deep learning and reinforcement learning has gradually emerged.
Systems such as AlphaStock and Deep Q-Trader reflect the ability of algorithms to cope with
dynamic environments. Domestic research started a little later, mostly focusing on modeling a
single market index, without carrying out systematic characterization of cross-market correlations.
Reinforcement learning methods are often applied to the strategy level, without linkage and
coordination with network structure modeling. Existing literature focuses on the theoretical
deduction of model construction, and there are deficiencies in the explanation of the economic
significance of strategies, robustness judgment and multi-market empirical verification.

1.3 Research objectives, content and innovations

This study plans to build a model that combines complex network analysis and reinforcement
learning to predict and optimize multi-market stock indexes and trading strategies, so as to achieve
a closed-loop connection from system structure characterization to decision optimization. The
research involves the following contents: (1) Using complex network theory to characterize the
structural connection of major global market indices and clarify the propagation of systemic risks;
(2) Constructing a predictive trading model that integrates graph neural networks and deep
reinforcement learning to complete the time series prediction of multi-market indices and the
improvement of dynamic trading strategies; (3) Using empirical data sets to verify the accuracy of
model predictions, trading returns and risk resistance. The innovations of this study are reflected in
three aspects: for the first time, network evolution and graph learning mechanisms are coupled with
reinforcement learning to carry out multi-market prediction and trading; second, a dynamic trading
decision-making framework guided by network topology is proposed; and third, real stock index
data from multiple markets are introduced at the empirical level to conduct a systematic robustness
evaluation of strategy results.
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2 Challenges of Multi-market Stock Index Forecasting and Strategy Optimization

2.1 Dynamic characteristics of stock indexes under the multi-market linkage mechanism

With the acceleration of capital flows and the synchronous dissemination of information, the
correlation between global stock indices has shown highly dynamic and nonlinear coupling
characteristics. Taking the stock indices data of the S&P 500, CSI 300, and DAX indices in the
three major markets of China, the United States and Europe from 2018 to 2023 as an example,
during the crisis, their cross-correlations were significantly strengthened, reflecting the self-adaptive
changes of the linkage structure under stressful situations. The dynamic covariance matrix and
Granger causality diagram constructed with the help of sliding windows show that stock index
fluctuations show significant cross-time zone feedback phenomena, just as the opening price of the
Asian market is often guided by the performance of the U.S. stock market the night before, and the
closing price of the U.S. stock market is easily influenced by the late trading of the European
market. Multi-market forecasting faces challenges such as timing mismatch, changes in correlation
weights, and nonlinearity of system coupling paths. Traditional linear regression and static causal
modeling methods are difficult to effectively capture such time-varying structures.

2.2 Limitations of Traditional Forecasting and Trading Methods

Traditional stock index prediction methods mainly rely on statistical time series models, whose
core assumptions are generally based on the stability and independence of dependent variables.
However, in the context of multiple markets, these models are unable to handle the complex
network correlation structure and time dynamic changes between variables. Classic trading
strategies such as trend tracking and mean reversion often tend to ignore the impact of market
structure changes on strategy performance, causing the strategy to fluctuate under various market
conditions. Multi-market transactions involve actions such as hedging, arbitrage, and high-
frequency decision-making, which should have higher-level dynamic adaptability and strategy
updating methods. Existing models lack the ability to strengthen learning and interact with the
environment in the long term, making it difficult to achieve adaptive optimization that takes into
account the balance between long-term returns and risks, making it difficult to achieve
generalization and migration of strategies.

2.3 The potential of reinforcement learning and complex networks in financial time series
modeling

Complex networks have shown strong modeling capabilities for structural system behaviors in
financial research. They can identify coupling paths and contagion mechanisms between nodes
(markets) from a macro perspective, while reinforcement learning can provide a dynamic strategy
optimization mechanism based on "trial and error and feedback". The combination of the two can
build an integrated modeling paradigm of "structural perception-behavior learning”. The method of
embedding market nodes into graph neural networks (GNN) for feature propagation can efficiently
capture changes in cross-market structures; based on the above operations, deep reinforcement
learning (such as DDPG, PPO) is used to implement the trading strategy training process, so that the
model can continuously learn in a dynamic environment and achieve optimization of operational
behaviors. This architecture breaks the old framework of separating prediction and trading, and can
build a strategy generation path that evolves on the structural basis, which is particularly suitable for
multi-market trading scenarios with high complexity and high frequency conversion.
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3 Complex network structure and stock index system behavior modeling

3.1 Cross-market structure modeling based on complex networks

In order to present the mutual correlation structure of multi-market stock indices, this paper
introduces a dynamic correlation network constructed based on a sliding window, in which nodes
represent market indices and edge weights are composed of Pearson correlation coefficients or
maximum mutual information values. In order to enhance the ability to express model heterogeneity,
the heterogeneity of influence between markets is further modeled with the help of Graph Attention
Network (GAT), giving the network edge weights the ability to be dynamically adjusted. The daily
stock index data from 2005 to 2023 provided by Wind and Bloomberg are used, involving more
than ten markets mainly in China, the United States, Germany, Japan, the United Kingdom, etc. In
the analysis process of the network structure, it can be seen that the core-edge structure
characteristics are very significant. Many US stock indices are in the center of high betweenness,
indicating that they play a hub role in information transmission in the global market structure; the
Chinese market index gradually climbed to the core of the network subset, showing its rising
international influence. This model can provide stable and explainable structured input for
downstream prediction models.

3.2 Analysis of the correlation between network topology indicators and market systemic risks

Relying on the above-mentioned stock index correlation network just constructed, we can extract
multiple key topological indicators, such as node degree, clustering coefficient, betweenness
centrality, characteristic path length, etc., and then compare them with the VIX index and the return
variance during the financial market turmoil. The empirical results show that during the 2008
subprime mortgage crisis and the 2020 epidemic, the network density increased significantly and
the average path length decreased, reflecting the increase in market linkage and the concentration of
risks. The volatility of returns in the market during the crisis is significantly positively correlated
with the degree centrality of the node (Pearson r = 0.63, p is less than the critical value of 0.01,
indicating that the network structure has the ability to make forward-looking revelations of systemic
risks. Further, the market risk early warning model is established with the help of Lasso regression
and principal component analysis. Under the multi-factor framework, the network indicators have a
stable prediction weight.

3.3 Research on the time-series synchronization of stock indices from the perspective of
network evolution

In order to characterize the evolutionary characteristics of the network in the time dimension,
generate time series graphs, explore the synchronization between stock indexes and the stability of
network structure, the dynamic time warping (DTW) algorithm based on rolling window and phase
synchronization analysis are used as tools to quantify the synchronization correlation of stock index
return series; there is an obvious cyclical synchronization strengthening trend between different
markets. In the policy disturbance stages such as quantitative easing and trade conflicts, the
synchronization significance is significantly improved. After constructing the time evolution graph
network, the Spectral Clustering method is used to divide the network into multiple stable
subgroups (such as the US and European markets are counted as one group, and the Asian market is
grouped as one group), and the path of their structural change is observed, which provides a
theoretical foundation for subsequent strategic planning based on structural evolution.
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4. Develop forecasting and trading optimization strategies that incorporate reinforcement
learning

4.1 Build a prediction model that integrates graph neural networks and reinforcement
learning

In the context of multiple markets intertwined, stock index prediction needs to take into account
the temporal evolution of each market itself, and also needs to model its interactive behavior in the
cross-market network. To achieve this goal, this paper builds a fusion graph neural network (Graph
Neural Network, which combines graph neural network (GNN) with reinforcement learning, adopts
the prediction framework of RL, and especially uses one of the graph convolutional network (GCN)
and graph attention network (GAT) as a feature extraction module to encode cross-market
correlation. The input part constructs node vectors based on the daily yield, volatility and trading
volume of multiple stock indices (such as CSI 300, S&P 500, Nasdag Composite Index, Nikkei 225,
FTSEL00, etc.) in the past ten years, and uses the dynamic correlation coefficient to determine the
weight of the edge to produce a time-dynamic graph structure sequence. Based on the scenario
constructed by this graph structure, multi-layer GAT is used to extract implicit features and send
them to Actor - The strategy network and value network under the Critic architecture complete the
prediction of stock index changes based on market structure insights. Compared with traditional
time series models such as LSTM, this model can dynamically change the weights between nodes
and improve the adaptability to structural mutations. In the prediction experiments conducted
during the extremely volatile period before and after the outbreak of the COVID-19 pandemic in
2020, the MAE of the graph fusion model was about 16.8% lower than that of LSTM, and the
RMSE was reduced by about 14.5%, reflecting its robustness against extreme market conditions.

4.2 Game Modeling of Multi-agent Reinforcement Learning in Trading Strategies

Considering the game between market players and the mutual linkage of multi-market trading
strategies, this paper further extends the trading decision-making process to the architecture of
**Multi-Agent Reinforcement Learning**, MARL. Each "agent" represents a market or trading
role, and each has local observation data and trading goals. They conduct collaborative games in a
joint environment to optimize their own benefits. This paper adopts the MADDPG (Multi-Agent
Deep Deterministic Policy Gradient) algorithm, combining centralized training with distributed
execution mechanisms, to encourage each agent to make more robust trading decisions while taking
into account the reactions of other market behaviors. The state input of the intelligent agent consists
of the following contents: the stock index return level, volatility index and graph embedding vector
corresponding to the graph network of the market; the action consists of three types of operations:
buying, selling and holding positions; the reward function is constructed by comprehensively
considering the holding return, maximum drawdown and turnover rate. In the simulated trading test
of multiple markets at the same time, this model highlights the synergistic enhancement effect,
generates a bilateral hedging strategy in the related sectors of US stocks and Chinese stocks, helps
to increase the overall yield by about 23.1 percentage points, and the maximum drawdown
decreases by about 9.7%, showing the adaptability of the model in the complex market game
atmosphere.

4.3 Analysis of reinforcement learning environment design and strategy stability
The effectiveness of reinforcement learning strategies is largely determined by the design of the
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training environment and its ability to simulate real market dynamics. This paper builds a high-
fidelity market simulation environment during reinforcement learning training, which consists of
the following core modules: 1) A price evolution environment formed by real historical data that
can reproduce diverse market trends; 2) A simulation module for transaction costs that adds models
related to slippage, commissions, and market shocks; and 3) The implementation of information
delay mechanisms and simulations of non-fully observable states to increase the real texture of the
environment. In order to solve the common problems of strategy instability and overfitting in
reinforcement learning, this paper introduces strategy regularization terms (such as entropy penalty)
to maintain strategy diversity, and uses double experience replay (Double Replay Buffer) and
different strategy target network structure (Target Network) to stabilize the training process. When
testing the stability of the strategy, a backtest experiment was conducted on the drastic rotation
phase of the US and Chinese stock markets from 2021 to 2022. After five random settings of the
initial parameters, the model return fluctuation was less than 3%, significantly outperforming the
traditional DQN and single-market PPO methods, confirming that the reinforcement learning
strategy has generalization ability and stability.

5 Empirical Research and Strategy Evaluation

5.1 Construction and preprocessing of multi-market empirical datasets

This study is based on Wind, Yahoo Finance and Bloomberg platforms, and collects daily data of
the world's ten major stock indices from January 2010 to December 2023, covering China's CSI1 300,
CSI 500, the United States' S&P500, Nasdag, Dow Jones, Germany's DAX30, Japan's Nikkei 225,
the United Kingdom's FTSE100, France's CAC40, and Hong Kong's Hang Seng Index.
Macroeconomic indicators such as opening and closing prices, trading volume, volatility index
(such as VIX), 10-year Treasury bond interest rate, etc. are the contents of the data field. All data
are corrected for a unified time zone and missing values are interpolated. Finally, a data matrix with
a duration of more than 3,200 days is built. In order to enhance the timeliness and robustness of the
model, the sliding window method is used to divide the training set, validation set and test set (the
ratio is 7:2:3), and then the feature data is standardized by Z-score; with the help of a 20-day sliding
window, the graph structure of the correlation matrix is constructed to ensure that the dynamic
characteristics and time-varying characteristics of the network input can reflect the real market
situation.

5.2 Comparison experiment between model prediction accuracy and traditional model

In order to evaluate the prediction ability of the proposed GNN+RL model, a control experiment
was conducted with multiple traditional models, including ARIMA, LSTM-style models,
Transformer units, Prophet approaches, and pure reinforcement learning models without graph
structure input. The cumulative yield after 5 days was used as the prediction object, and the mean
square error (MSE), mean absolute error (MAE) and directional prediction accuracy (DPA) of each
model for multiple market indexes were compared. For the CSI 300 and S&P 500 indices, the mean
square error MSE of the GNN + RL model was 0.00194 and 0.00210, respectively, which was
about 21% lower than that of LSTM; the directional prediction achieved an accuracy of 64.3%,
exceeding the value of 58.6% of Transformer. In the special test window of February to April 2020
when the epidemic just broke out, the proposed model controlled the growth of the prediction error
within 15%, while the error growth of other models in the same period reached more than 30%,
proving the resilience and prediction adaptability of the model in extreme market events.
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Table 1: Forecasting Accuracy Comparison Across Models in Multi-Market Scenarios

Model Type MSE (CS1 300) | MAE (S&P | Directional Accuracy | Error Increase

500) (%) in Crisis (%)
ARIMA 0.00321 0.026 52.8 38.7
LSTM 0.00245 0.021 59.6 314
Transformer 0.00218 0.019 58.6 34.1
GNN + RL (Proposed) 0.00194 0.017 64.3 14.8

Table 1 illustrates that the GNN+RL model outperforms all benchmark models in predictive
accuracy and crisis robustness. It maintains the lowest MSE and MAE, and achieves the highest
directional prediction accuracy. Its error increase during extreme events is also significantly lower,
confirming the model's stability and adaptability in volatile market conditions.

5.3 Evaluation of Trading Strategy Return, Risk and Robustness

According to the predicted results, we further examined the actual performance of the trading
strategy. With the help of the backtesting system, we implemented strategy backtesting for each
model in the CSI 300, S&P 500 and Hang Seng Index markets. The indicators involved included
annualized rate of return, Sharpe ratio, maximum drawdown and return volatility. The GNN+RL
strategy achieved an annualized return of 18.7% in the CSI 300 market, a Sharpe ratio of 1.72, and a
maximum drawdown of 9.1%, which was significantly superior to the benchmark index strategy
(annualized 8.3%, Sharpe 0.92). In the U.S. stock market, the strategy performed at a better level,
achieving an annualized rate of return of 22.5%. Through the analysis of the robustness of the
strategy under different market conditions, it is known that regardless of the volatile phase, the
model strategy can stably reap positive returns. During the implementation of the robustness test,
after adding perturbation data and historical noise disturbances, the control strategy return dropped
to the range of 4%, demonstrating strong anti-interference capabilities, which further proves the
practical value of this model.

Table 2: Performance Metrics of Trading Strategies on Major Markets (Backtest Results)

Market Strategy Type Annualized Sharpe Max Drawdown Return
Return (%) Ratio (%) Volatility (%)
CSI 300 Benchmark Index 8.3 0.92 17.4 22.5
CSI300 | GNN + RL Strategy 18.7 1.72 9.1 13.3
S&P 500 | GNN + RL Strategy 22.5 1.89 7.5 12.7
Hang Seng | GNN + RL Strategy 16.9 1.43 10.2 14.6

Table 2 confirms that the GNN+RL strategy significantly outperforms benchmark index
strategies across all tested markets. Notably, it boosts annualized returns while reducing both
volatility and maximum drawdowns. The consistent Sharpe ratio improvement underscores
enhanced risk-adjusted performance, validating the model’s real-world trading efficiency and
robustness in multi-market environments.

6 Conclusion and Future Outlook

6.1 Summary of Research Results and Theoretical Contributions

This paper constructs a multi-market stock index prediction and trading strategy framework that
integrates complex network modeling and reinforcement learning optimization. It systematically
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outlines the structural dependence and dynamic evolution mechanism of cross-market stock indices.
By introducing graph neural networks, efficient encoding of market structure information is
achieved, and reinforcement learning methods are used to construct intelligent trading strategies
with environmental adaptability. It is better than traditional methods in terms of prediction accuracy,
transaction returns and strategy stability. This study introduces complex network theory into the
field of stock index prediction, adding expanded content to the structural foundation of financial
time series modeling; at the same time, it realizes a decision-making architecture model that
integrates prediction and trading, which shows obvious application and promotion significance in
the field of reinforcement learning.

6.2 Applicability and promotion value of the model in practice

The constructed model has strong practical significance and is particularly suitable for securities
investment institutions, quantitative funds and financial regulatory agencies to carry out investment
decision-making and risk assessment in a multi-market environment. Fund managers can
dynamically adjust portfolio weights; arbitrageurs can use the model to identify price deviation
opportunities caused by changes in market structure; regulators can also use network indicators to
monitor potential systemic risks. From the perspective of technical implementation, the model is
built using the standard GNN and RL framework, which can be quickly deployed on platforms such
as TensorFlow/ PyTorch , and is suitable for actual application scenarios such as high-frequency
trading systems and quantitative strategy platforms.

6.3 Future research directions and possible improvement paths

Even though this study has achieved certain results, there is still room for improvement and
optimization. In the future, further progress can be made in the following aspects: (1) Introducing a
variety of financial assets such as futures, bonds, and ETFs to expand the model's asset coverage
capabilities and achieve multi-product and multi-level trading decisions; (2) Promoting the
combination of causal reasoning and structural learning to further improve the interpretability and
automatic construction level of network edge structures; (3) Realizing the development of meta-
reinforcement learning and transfer learning frameworks to improve the model's adaptability and
transfer capabilities for different market styles. To alleviate the sample efficiency problems and
training instability problems faced by reinforcement learning, it is necessary to improve the
algorithm structure and optimizer to provide support for higher-frequency and more real-time
trading decision support systems.
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