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Abstract: In the rapidly evolving domain of finance, quantitative stock selection strategies have
gained prominence, driven by the pursuit of maximizing returns while mitigating risks through
sophisticated data analysis and algorithmic models. Yet, prevailing models frequently neglect the
fluid dynamics of asset relationships and market shifts, a gap that undermines their predictive and
risk management efficacy. This oversight renders them vulnerable to market volatility, adversely
affecting investment decision quality and return consistency. Addressing this critical gap, our study
proposes the Graph Learning Spatial–Temporal Encoder Network (GL-STN), a pioneering model that
seamlessly integrates graph theory and spatial–temporal encoding to navigate the intricacies and
variabilities of financial markets. By harnessing the inherent structural knowledge of stock markets,
the GL-STN model adeptly captures the nonlinear interactions and temporal shifts among assets. Our
innovative approach amalgamates graph convolutional layers, attention mechanisms, and long short-
term memory (LSTM) networks, offering a comprehensive analysis of spatial–temporal data features.
This integration not only deciphers complex stock market interdependencies but also accentuates
crucial market insights, enabling the model to forecast market trends with heightened precision.
Rigorous evaluations across diverse market boards—Main Board, SME Board, STAR Market, and
ChiNext—underscore the GL-STN model’s exceptional ability to withstand market turbulence and
enhance profitability, affirming its substantial utility in quantitative stock selection.

Keywords: GL-STN; quantitative stock selection; spatial–temporal encoder; graph convolution;
graph learning

1. Introduction

Quantitative stock selection uses knowledge from statistics, computer science, and
finance to create models for selecting stock portfolios. The goal is to achieve returns
that exceed benchmark rates. With the development of big data and cloud computing
technologies, financial time series data exhibit more complex characteristics, including
high dimensionality, strong volatility, and a large scale. Consequently, quantitative invest-
ment techniques are evolving from traditional strategies to modern artificial intelligence
technologies, such as machine learning and deep learning.

Quantitative stock selection methods based on modern AI can be broadly catego-
rized into machine learning and deep learning approaches. Machine learning methods,
including random forest [1], gradient boosting [2], and support vector machines (SVMs) [3],
are trained on features and historical statistical characteristics without considering data
temporality. These models face performance limitations with large-scale, unstructured, or
high-dimensional data. They struggle to capture the complex, nonlinear patterns in stock
markets. Deep learning methods, represented by recurrent neural networks (RNN) [4]
and long short-term memory (LSTM) networks, can process sequential data directly [5].
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Compared to traditional linear models, these deep learning approaches offer significant
improvements. They are more effective in predicting stock price movements, identifying
market opportunities, and constructing automated trading systems. Transformers, known
for handling long-term dependencies in sequential data, have emerged as another focal
point for time series forecasting. Some researchers have explored hybrid models that com-
bine neural networks with statistical methods to enhance financial forecasting accuracy [6].
Despite the progress made in deep learning-based quantitative stock selection, challenges
still remain due to the high dimensionality, volatility [7], and complex interrelations of
financial time series. Most existing models handle stocks or assets in isolation, overlooking
potential correlations and interactions. This results in the lack of a relational modeling
perspective. Recent studies leveraging graph neural networks have sought to address this
issue, but reliance on subjective graph construction may distort input information. Also,
the lack of focus on the importance of individual stocks reduces the accuracy of graph node
representations. Moreover, integrating relational modeling with the sequential nature of
time series data remains an area for improvement.

To tackle these challenges, we propose the Graph Learning Spatial–Temporal Encoder
Network (GL-STN) model. This model effectively addresses the high dimensionality, strong
volatility, and complex correlations of financial time series data by using graph embedding
learning, modeling temporal and spatial relationships.

The GL-STN model overcomes the limitations of existing models by introducing
innovative methods for graph learning and spatial–temporal encoding. It effectively
addresses the high dimensionality and volatility of financial data and captures the complex
interrelations between stocks.

Unlike traditional machine learning models that struggle with large-scale, unstruc-
tured, or high-dimensional data, GL-STN excels by modeling the intricate dependencies
and temporal dynamics of financial markets. While conventional neural network models fo-
cus on sequential data processing, GL-STN integrates graph convolutional neural networks
with LSTM to capture both spatial relationships and temporal dependencies. This dual
capability allows for a more comprehensive analysis of market data. Moreover, compared
to existing graph neural network models, GL-STN reduces subjective factors in the graph
construction process. It accurately determines the importance of each stock node through
attention mechanisms, enhancing the accuracy of node representations. This multi-faceted
approach ensures unprecedented accuracy and robustness in financial market analysis.

Furthermore, the GL-STN model’s multi-layered and multi-module architecture en-
ables processing and analyzing data from multiple perspectives and dimensions. This
facilitates comprehensive multi-modal feature extraction and processing while maintaining
flexibility and scalability. Consequently, the GL-STN model can easily extend and adapt to
incorporate additional data sources or new analytical techniques. This flexibility results in
unprecedented accuracy and stability.

Key contributions include constructing a network graph that learns and establishes
relationships between stocks, effectively capturing their interactions and dependencies.
This approach addresses the oversight of stock correlations in traditional models. Addi-
tionally, graph convolutional neural networks and attention mechanisms [8] process graph
structural information, extracting features and the importance of individual stocks for more
accurate feature aggregation. Furthermore, by integrating LSTM, the model enhances its
ability to capture temporal dependencies, facilitating the learning of features across time
and space. Comparative analyses with mainstream machine learning and neural network
models across various financial markets validate the effectiveness of the proposed model.

2. Related Work
2.1. Quantitative Investment Techniques Based on Machine Learning

Machine learning methods excel in model transparency and interpretability. They can
demonstrate high efficiency and reliability when dealing with small-scale or structured
data. However, these methods often rely on feature engineering. They struggle to iden-
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tify and utilize complex patterns and relationships hidden within the data. Wang S. [9]
showcased the significant effectiveness of the random forest model in the stock market. Li
B. et al. [10] used various machine learning models, including multiple neural networks,
to construct different investment portfolios. Empirical tests showed annual returns sig-
nificantly outperforming the market index. Zhou L. [11] confirmed the superiority of
multi-factor stock selection models over traditional linear regression models through the
study of six major categories of factors. Shu S. [12] created SCAD-logistic regression and
MCP-logistic regression models by altering the penalty function in the logistic regression
model, showing notable application effects in the stock market. Lewellen [13] successfully
predicted excess returns of stocks by integrating 15 factors using the FM regression method.
DeMiguel et al. [14] approached this topic from the perspective of investor utility, finding
six company characteristics that could independently predict average returns. The utility-
based models were practically applied in stock market prediction. Gu et al. [15] tested
common machine learning algorithms in the U.S. market, finding that machine learning
models could effectively outperform traditional linear regression models. Yu et al. [16]
developed a support vector machine model to predict stock market trends. By using genetic
algorithms to select attributes, the complexity of support vector machines can be reduced
while improving modeling efficiency. In terms of classification performance, it can surpass
traditional time series and neural network models. Based on intelligent media and technical
analysis, Mndawe et al. [17] developed a stock price prediction framework, focusing on the
application of machine learning in stock market prediction.

2.2. Quantitative Investment Techniques Based on Deep Neural Networks

By learning nonlinear changes in high-dimensional features, deep neural networks
offer better representational capabilities than traditional methods. They can provide power-
ful analytical tools for quantitative investment. Despite challenges in model interpretability,
the performance in prediction accuracy and efficiency has garnered widespread attention.
Recent studies have shown significant progress in applying deep learning technology to
quantitative stock selection strategies. Lin J. and Gong Z. [18] built convolutional neural
network and BP neural network models based on the prices of Shanghai zinc futures,
emphasizing the effectiveness of neural networks in stock price prediction. Liu et al. [19]
proposed a quantitative option trading strategy based on convolutional neural networks.
It is possible to exceed benchmark indices and basic momentum strategies by combining
CNN predictions of stock prices with LSTM’s quantitative timing strategy. Liang et al. [20]
used long short-term memory networks to extract time series features and predict the
trend of rebar futures prices. They found that using LSTM for feature extraction and the
XGBoost model to filter trading signals generated by trading strategies can effectively
improve annualized returns. Kim et al. [21] proposed a paired trading method combining
deep reinforcement learning, enhancing the efficiency and profitability of trading strategies.
Staffini [22] utilized the application of deep convolutional generative adversarial networks
in stock price prediction, exploring the application of generative adversarial networks in
financial market analysis.

The introduction of an attention mechanism provides new breakthroughs in the appli-
cation of deep learning in quantitative investment strategies. Liu H et al. [23] explored how
to use attention mechanisms to enhance the efficiency and effectiveness of quantitative in-
vestment strategies. By combining sequential graph structures with attention mechanisms,
Lai et al. [24] developed new deep learning modules aimed at capturing and analyzing
time series data more accurately.

2.3. Quantitative Investment Techniques Based on Graph Models

By constructing complex networks among financial assets, graph models [25] reveal
the structure and dynamic changes in the market. They can provide a unique perspective
for quantitative investment. In graph models, each asset in the financial market is treated
as a node, and interactions between assets are represented by edges within the network.
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This model is particularly suitable for analyzing complex systems in financial markets,
revealing potential associations and mutual influences between assets. Wang Z. et al. [26]
aimed to address complex relationships and data challenges in financial markets by classi-
fying financial graphs and outlining graph neural network (GNN) methods. In order to
propose a continuous learning factor predictor based on graph neural networks, Tan Z.
et al. [27] focused on the challenges of future price prediction in high-frequency trading. By
combining multi-factor pricing theory with real-time market dynamics, the limitations of
existing methods in ignoring trend signals and interactions can be effectively overcome.

3. GL-STN
3.1. Model Framework

The framework of the GL-STN model, as shown in Figure 1, is divided into three
modules: graph embedding, a graph convolutional network (GCN), and RNN, presenting
a sequential relationship. The input sequence data represent the dynamic features of stocks.
The nodes corresponding to each sequence are assigned a feature vector to represent the
state of each strand. Initially, the feature vectors are iteratively optimized to compute the
differences between nodes to construct an adjacency matrix. This step allows the model to
utilize the graph’s representational capability to map the correlations between individual
stocks. Subsequently, the adjacency matrix and feature vectors are input into the GCN.
Within the GCN, an attention mechanism is integrated to learn the importance distribution
of different nodes across stocks, enhancing the model’s precision in quantitative stock
selection. Finally, the output from the GCN is passed to the LSTM to capture the temporal
evolution patterns of stock features. By combining multiple layers and mechanisms,
GL-STN generates outputs that provide observable support for subsequent quantitative
stock selection.
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3.2. Model Algorithm

The algorithm of the GL-STN model is shown in Algorithm 1. Firstly, we initialize the
primal variable w and the dual variable v, and set the initial number of nodes N. Subse-
quently, the algorithm generates a vectorized representation of matrix H by calculating the
Euclidean distance between each row of the feature matrix. This step captures the spatial
relationships of the data, which is crucial for analyzing the spatiotemporal characteristics
of stock market data. Following this, the primal variable w and the dual variable v are
iteratively updated to ensure the model can effectively adapt to the dynamic changes in the
market. Finally, the output from the GCN is processed through an attention mechanism.
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This allows the model to focus on key features to enhance the accuracy and efficiency
of predictions.

Algorithm 1. GL-STN (PDS unrolling)

Input: Feature matrix V ∈ RN×F, number of unrolling times L, input dimension input_dim
# Initialize primal variable w, dual variable v, and set the initial number of nodes N based on the shape of V

1: Initial primal w0 = 0 ∈ RN(N−1)/2 , dual v0 = 0 ∈ RN and number of initialization nodes
N = V·shape[0]

#Calculate the vectorized matrix H, where Hij is the squared Euclidean distance between the i and j rows
of V.

2: h = vech(H) where Hij = ∥Vi,: − Vj,:∥2
2

# Vectorize and reshape primal variable w into matrix W

3: W = vech(w, N)

4: Degree operator D such that DW = [d1, . . . , dN ]T ,where di = ∑
j

Wij and w = vech(W)

5: for l = 0, 1, . . . , L do
6: r1,l = wl − γl(2βlwl + 2h)

# Using degree operator D to update dual variable v

7: r2,l = vl + γlDwl
TDwl

8: p1,l = max
{

0, r1,l
}

# Using regularization parameters αl to calculate intermediate variables for dual updates

9: p2,l = (r2,l −
√

r2
2,l + 4αlγl)/2

10: q1,l = p1,l − γl

(
2βlp1,l + 2h

)
11: q2,l = p2,l + γlDwl

TDwl

12: wl+1 = wl − r1,l + q1,l
13: vl+1 = vl − r2,l + q2,l
14: end for

# Reshape the final primal variable w to the complete adjacency matrix A

15: Afull = vech(w, N)

16: A = Afull[:, : input_dim]

17: gcninput = A × Vt

18: gcnoutput = W × gcninput

19: attentionweighs = so f tmax
(
W × gcnoutput

)
# Return the attention output

20: return attentionoutput = sum
(

gcnoutput × attentionweighs , axis = 1
)

3.3. Multi-Sequence Input

The model framework introduces a multi-sequence input to process the multidimen-
sional characteristics of the stock market. Each sequence represents specific attributes of
stock data, such as the price, trading volume, market indicators, etc. Sequences are prepro-
cessed and transformed into node feature vectors Vt at time step t. The multi-dimensional
sequence input strategy enables the GL-STN model to comprehensively capture various as-
pects of the stock market. It can provide a detailed data foundation for the graph structure
analysis phase.

3.4. Graph Learning

To reveal the latent connections among stock data, we refer to the Learning to Graph
(L2G) theory [28]. Node feature vectors Vt is used to learn the graph adjacency matrix
At [29,30]. At reveals the latent connections between stock market assets. Subsequently,
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the adjacency matrix is normalized to produce Ãt, as shown in Equation (1), where Dt is
the degree matrix derived by summing each row of At.

Ãt = Dt
− 1

2 AtDt
− 1

2 (1)

After constructing the normalized network, the network features Ãt and asset feature
matrix Ut are combined. Asset trends are estimated through a linear combination layer with
parameters θ. θ and b are weights learned during training. The output trend estimation yt
is shown in Equation (2).

yt = ÃtUtθ+ b (2)

Finally, the sign function sgn is applied to yt to produce trading signals xt, as shown
in Equation (3). This step transforms trend estimates into trading decisions, building a
network-based trading strategy.

xt = sgn(yt) (3)

The application of graph learning enhances the accuracy of stock data analysis, ad-
dressing the inadequacies in considering the interconnectivity among individual stocks [31].

3.5. Graph Convolution

In the GL-STN model, GCN is used to analyze complex interactions in stock market
data [32,33]. The model’s core objective is to extract key features from graph data to deeply
understand the influences between nodes. Initially, the adjacency matrix A is calculated
based on historical data between stocks. Then, the model performs graph convolution
operations by combining the node feature vectors Vt at each time step t with the adjacency
matrix A, as shown in Equation (4). Hl represents the node feature matrix of the lth layer,
while Wl denotes the corresponding weight matrix. The activation function σ is used to
help the model learn complex feature representations.

Hl+1 = σ(AHlWl) (4)

The graph convolution operation can be simplified, as shown in Equation (5), because
we use linear activation functions in the model. The feature representation of a node is
determined solely by the weighted sum of its neighbors’ features, without introducing
additional nonlinear transformations.

Hl+1 = AWl (5)

Through GCN operations, the GL-STN model generates updated feature representa-
tions for each node, reflecting the stock’s relative position and potential market influence
in the network [34]. It is crucial for understanding the network role value of each stock.

3.6. Attention Mechanism

The GL-STN model incorporates an attention mechanism to enhance the model’s
ability to capture and express important information [35,36]. Firstly, linear layers are
applied to process the output of GCN. Then, attention coefficients are calculated to generate
attention weights for each node, as shown in Equation (6). X represents the node features
output by the graph convolutional network, W is the weight matrix of the linear layer, F is
a linear transformation function. By using the so f tmax function, the output of the linear
layer is normalized into a probability distribution.

AttentionCoe f f icients = so f tmax(F(WX)) (6)
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Subsequently, the GL-STN model aggregates the node features weighted by the calcu-
lated attention coefficients, as seen in Equation (7). The × symbol represents element-wise
multiplication, and Z is the weighted node feature representation.

Z = so f tmax(F(WX))× X (7)

Through the attention mechanism, the GL-STN model can accurately identify and
emphasize key node features, thereby precisely capturing individual stock characteristics
and enhancing the accuracy of the feature aggregation phase.

3.7. Temporal Processing

In the GL-STN model, the GCN output weighted by the attention mechanism is fed into
the LSTM [37] layer. This enables the model to combine the complex relationships between
nodes revealed by the GCN. It also accounts for the dynamic changes in the temporal
dimension. LSTM processes inputs over time steps with its recursive structure, retaining
memory of past information, thereby extracting richer and deeper features. Subsequently,
the output from the LSTM layer is passed to a fully connected layer to form the final
prediction result.

The core of the LSTM lies in its cell state and three gate mechanisms (forget gate, input
gate, and output gate), which together manage the storage and removal of information.
The forget gate determines the information to be retained, the input gate updates the cell
state, and the output gate controls the output of the hidden state. Specifically, the gate
structure of the LSTM is defined as shown in Equations (8)–(12), where it, ft, ct, ot, and ht
represent the input gate, forget gate, memory cell, output gate, and hidden state:

it = δ
(

Wixt + Whiht−1 + Wcict−1 + b̂i

)
(8)

ft = δ
(

Wfxt + Whfht−1 + Wcfct−1 + b̂ f

)
(9)

it = ftct−1 + ittanh
(

Wcxt + Whcht−1 + b̂c

)
(10)

ot = δ
(

Woxt + Whoht−1 + Wcoct + b̂o

)
(11)

ht = ottanh(ct) (12)

By incorporating LSTM, the GL-STN model significantly improves in recognizing and
analyzing the temporal dependencies of data, achieving comprehensive feature learning of
stock data in both the temporal and spatial dimensions. This provides strong support for
quantitative stock selection.

4. Experimental Evaluation
4.1. Experimental Data

The data we used were sourced from the Tushare platform, covering stocks listed on
the Main Board, SME Board, STAR Market, and ChiNext Market from 1 June 2023 to 10
December 2023. Specifically, our dataset encompassed daily trading records of a diverse
array of stocks from these different markets, ensuring a comprehensive and representative
sample. The Main Board and SME Board collectively include 3201 stocks, generating an
aggregate daily trading data volume of 323,721 records. The STAR Market comprises 566
stocks, adding an additional 52,423 daily trading records. The ChiNext Market includes
1332 stocks, contributing a further 152,769 daily trading records. The extensive collection
captures the full breadth of market dynamics, providing a robust and solid foundation for
our model. For effective training and evaluation, the dataset was divided into a training
set (1 June 2023, to 1 August 2023), a validation set (2 August 2023, to 10 August 2023),
and a test set (11 August 2023, to 10 December 2023). The model inputs included trading
information and derived technical indicators, as detailed in Table 1. By analyzing the input
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features, the model outputted probability values indicating the likelihood of stock price
increases. This approach offered precise estimations of stock market dynamics.

Table 1. Stock data input by the model.

Data Name Data Content Data Name Data Content

Stock Basic
Information

TS Code—ts_code
Stock Code—symbol
Name—name
Listing Date—list_date
Delisting Date—delist_date
Market Type—market
Exchange—exchange
HS Mark—is_hs
Region—area
Industry—industry
Full Name—fullname

Index
Historical
Information

SSE Composite
Index—000001.SH
SSE 50—000016.SH
SSE A Share
Index—000002.SH
SZSE Component
Index—399001.SZ
SZSE 300—399007.SZ
SME 300—399008.SZ
ChiNext
300—399012.SZ
SME Board
Composite—399101.SZ
ChiNext
Composite—399102.SZ

Stock Daily Line
Information

Stock Code—ts_code
Opening Price—open
Closing Price—close
Highest Price—high
Lowest Price—low
Price Change—change
Percentage Change—pct_chg
Volume (shares)—vol
Trade Date—trade_date
Previous Close—pre_close
Transaction Amount—amount

Daily Statistics

Number of Limit
Ups—Limit up
Number of Limit
Downs—Limit down

Major Trading
Markets

SSE Index
Information—SSE
SZSE Index
Information—SZSE

Individual
Stock Money
Flow

Flow (money
flow)—moneyflow

4.2. Experimental Setup
4.2.1. Experimental Platform

The GL-STN model we propose is implemented using Python 3.5 and the PaddlePad-
dle framework. All reference models are also implemented using the same tools. The
hardware environment for the experiments includes a system with a Tesla V100 GPU,
a quad-core CPU, 32 GB of video memory, 32 GB of RAM, and 100 GB of disk storage
space. The model training period is set to 1000 epochs, with a fixed learning rate of 0.00001,
and each batch contains 190 samples. The loss function for all models involving neural
networks is BCEWithLogitsLoss [38], and the optimizer used is AdamW [39].

4.2.2. Baseline Model Comparison

Considering the structural characteristics of the current Chinese stock market, com-
parative experiments were conducted on the Main Board and SME Board, STAR Market,
and ChiNext Market.

The Main Market is a merger of the original Main Board and the SME Board, mainly
traded on the Shenzhen Stock Exchange and the Shanghai Stock Exchange. It covers both
large mature enterprises and small and medium-sized growth enterprises, representing
the core and diversity of the Chinese stock market. The ChiNext Market, located at the
Shenzhen Stock Exchange, focuses on supporting enterprises with strong growth potential
and innovation capabilities. The STAR Market, located at the Shanghai Stock Exchange, is
dedicated to supporting enterprises with core technologies and high innovation capabilities.
These three segments collectively promote the diversified development of the Chinese stock
market, playing a crucial role in market stability and innovation.
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To comprehensively evaluate the effectiveness of the GL-STN model, we selected three
representative gradient boosting models (LightGBM [40], CatBoost [41], XGBoost [42])
and three neural network models (LSTM [43], CNN-LSTM [44–48], Transformer [49,50])
for result comparison. Additionally, we conducted ablation experiments to compare the
performance differences between three models: a simplified model with only the L2G layer
(L2GMOM), an intermediate model combining the L2G layer and LSTM (L2GMOM_LSTM),
and the full GL-STN model.

4.2.3. Evaluation Metrics

Evaluation metrics included periodic return, excess return, winning rate, maximum
drawdown, Sharpe ratio, Sortino ratio, information ratio, alpha, and beta, defined as per
Equations (13)–(21).

pt−1 represents the initial capital, pt denotes the return, Rp is the strategy’s annualized
return rate, Rm is the benchmark’s annualized return rate, and R f refers to the risk-free rate.
Additionally, σ indicates the standard deviation of the portfolio’s annualized return rate, Di
is the net value of the product on day i, and Dj is the net value of the product on some day
after Di. DR represents the downside standard deviation, α is the portfolio’s excess return,
ω is the active risk, Dp is the strategy’s daily return, and Dm represents the benchmark’s
daily return. NWT is the number of winning trades and TNT is the total number of trades.

Periodic Return =
pt − pt−1

pt−1
× 100% (13)

Excess Return =
(

RP − R f

)
× 100% (14)

Winning Rate =
NWT
TNT

× 100% (15)

Maximum Drawtown = max
(Di − Dj

Di

)
(16)

Sharpe Ratio =
Rp − R f

σ
× 100% (17)

Sortino Ratio =
Rp − R f

DR
(18)

In f ormation Ratio =
α

ω
(19)

Alpha = Rp −
[

R f + β ×
(

Rm − R f

)]
(20)

Beta =
Cov

(
Dp, Dm

)
Var(Dm)

(21)

4.3. Experimental Results and Analysis
4.3.1. Main Board and SME Board Experimental Results Comparison

The Main Board and SME Board markets are known for their mature trading envi-
ronment and high volatility. Among the gradient boosting models, LightGBM leads in
periodic return, with a performance of −0.0930, while CatBoost and XGBoost have return
values of −0.1018 and −0.1484, respectively. However, the average winning rate of these
models is only 0.3921, highlighting their limitations in providing effective trading decision
support. Risk-adjusted return metrics, including average Sharpe ratio, Sortino ratio, and
information ratio, are −2.1989, −3.5394, and −0.7376. These results further highlight the
limitations in risk-adjusted returns and information generation, as shown in Table 2.

In neural network models, LSTM, CNN-LSTM, and Transformer show instability in
maintaining account value with periodic return metrics of −0.0759, −0.1379, and −0.1309.
The winning rate metrics highlight shortcomings in trading decision-making—0.3913 for
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LSTM, 0.3194 for CNN-LSTM, and 0.3846 for Transformer. The average information ratio
for these three models is about −0.9868, suggesting deficiencies in providing efficient
trading decisions and decision-supporting information, as shown in Table 2.

Table 2. The performance of different models on various metrics based on Main Board and SME Board.

Metric GL-STN LSTM CNN-
LSTM Transformer CatBoost LightGBM XGBoost

Periodic Return 0.0343 −0.0759 −0.1379 −0.1309 −0.1018 −0.0930 −0.1484
Excess Return 1.000 −0.0102 −0.0722 −0.0652 −0.0361 −0.0273 −0.0827
Winning Rate 0.5581 0.3913 0.3194 0.3846 0.3509 0.4274 0.3982

Maximum Drawdown 0.0221 0.0898 0.1379 0.1463 0.1384 0.1030 0.1541
Sharpe Ratio 1.1929 −3.3520 −4.7526 −3.2786 −1.8131 −1.7436 −3.0400
Sortino Ratio 2.1403 −4.6086 −6.4848 −5.0680 −3.4037 −2.8529 −4.3617

Information Ratio 2.6910 −0.2072 −1.5660 −1.1874 −0.4921 −0.3558 −1.3650
Alpha 0.1314 −0.2392 −0.4940 −0.4597 −0.2917 −0.2851 −0.5053
Beta 0.0941 0.0428 −0.1185 −0.1001 0.1479 0.0453 −0.0341

In contrast, the GL-STN model outperforms other models with a positive periodic
return metric of 0.0343, demonstrating its performance in maintaining account value
stability. Additionally, GL-STN achieves a winning rate of 0.5581, a maximum drawdown of
only 0.0221, and significantly high values for the Sharpe ratio and Sortino ratio. The account
value change curves of different models, as depicted in Figure 2, visually underscore the
GL-STN model’s superior ability to sustain account value in the volatile markets of the
Main Board and SME Board. Additionally, the ablation experiments, illustrated in Figure 3,
demonstrate the efficiency and robustness of the GL-STN model in navigating market
complexities. This is shown through the comparative account value change curves of the
models under stringent tests. These experiments, as detailed in Tables 3 and 4, affirm the
GL-STN model’s standout performance and high efficiency.

Moreover, Figure 4 provides a radar comparison chart, which succinctly contrasts
the comprehensive metrics of various models, highlighting GL-STN’s outstanding perfor-
mance across multiple dimensions, thereby reinforcing its superiority in navigating the
complexities of high-volatility trading environments.
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Table 3. The performance of models in the ablation experiment on various metrics based on Main
Board and SME Board.

Metric L2GMOM L2GMOM_LSTM GL-STN

Periodic Return −0.0904 −0.0341 0.0343
Excess Return −0.0247 0.0316 1.000
Winning Rate 0.4059 0.3667 0.5581

Maximum Drawdown 0.1012 0.0475 0.0221
Sharpe Ratio −2.1648 −1.7905 1.1929
Sortino Ratio −3.6846 −2.1141 2.1403

Information Ratio −0.4155 1.0410 2.6910
Alpha −0.2606 −0.0639 0.1314
Beta 0.1421 0.1992 0.0941

Table 4. Runtime of models in the ablation experiment based on Main Board and SME Board.

Model Runtime/h

L2GMOM 45.1663
L2GMOM_LSTM 41.2852

GL-STN 27.5765
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4.3.2. STAR Market Experimental Results Comparison

In the science and technology innovation-driven STAR Market, gradient boosting mod-
els (LightGBM, CatBoost, XGBoost) show limitations in decision-making quality amidst
high volatility. All models exhibit negative periodic returns and an average trade win rate
of approximately 0.3837. The Sharpe ratio, Sortino ratio, and information ratio averages
of −2.6174, −4.0004, and −0.7846, respectively, underscore the challenges in achieving
risk-adjusted returns and generating informative insights, as shown in Table 5.

Table 5. The performance of different models on various metrics based on STAR Market.

Metric GL-STN LSTM CNN-LSTM Transformer CatBoost LightGBM XGBoost

Periodic Return 0.0056 −0.0808 −0.1001 −0.0861 −0.1232 −0.0972 −0.1085
Excess Return 0.0713 −0.0151 −0.0343 −0.0204 −0.0575 −0.0315 −0.0428
Winning Rate 0.4615 0.1852 0.3929 0.2174 0.3803 0.4215 0.3494

Maximum Drawdown 0.0162 0.0808 0.1185 0.0861 0.1604 0.1160 0.1235
Sharpe Ratio 0.0014 −4.4737 −2.0821 −5.9939 −2.9655 −1.9384 −2.9483
Sortino Ratio 0.0016 −5.0342 −3.4462 −6.4179 −4.7291 −2.8752 −4.3969

Information Ratio 1.9907 −0.3680 −0.5245 −0.5275 −1.0092 −0.4724 −0.8724
Alpha 0.0066 −0.2593 −0.3128 −0.2919 −0.4305 −0.2728 −0.3265
Beta −0.0551 0.0330 0.0452 −0.0273 −0.0977 0.1751 0.1422

Neural network models encounter similar hurdles in the STAR Market. The LSTM and
CNN-LSTM models report periodic returns of −0.0808 and −0.1001, respectively, while
the Transformer model slightly outperforms them at −0.0861. This performance indicates
instability in maintaining account value, compounded by a low average trade winning
rate of 0.2651 and an average information ratio of −0.4733. These results, shown in Table 5,
highlight deficiencies in delivering precise trading strategies and supporting information.

Contrastingly, the GL-STN model demonstrates exceptional stability in the STAR
Market, reflected by a positive periodic return of 0.0056, a winning rate of 0.4615, and a
maximum drawdown rate of 0.0162, alongside impressive Sharpe and Sortino ratios. Its
performance distinctly surpasses that of other models, underlining its efficiency in decision-
making, account value stability, and risk management. The account value change curves
for different models on the STAR Market, illustrated in Figures 5 and 6, visually emphasize
the GL-STN model’s resilience and superior ability to maintain account value against its
counterparts. Furthermore, Tables 6 and 7 underscore the robustness of the GL-STN model
in ablation studies conducted on the STAR Market. They also demonstrate its operational
efficiency, with a runtime of only 4.7232 h. Figure 7’s radar comparison chart of model
metrics on the STAR Market offers a comprehensive visualization of the GL-STN model’s
outstanding performance across various dimensions, affirming its advanced capability in
managing the intricacies of high-volatility trading environments.

Table 6. The performance of models in the ablation experiment on various metrics based on
STAR Market.

Metric L2GMOM L2GMOM_LSTM GL-STN

Periodic Return −0.0991 −0.0261 0.0056
Excess Return −0.0334 0.0396 0.0713
Winning Rate 0.3838 0.3913 0.4615

Maximum Drawdown 0.1300 0.0543 0.0162
Sharpe Ratio −2.1716 −0.9198 0.0014
Sortino Ratio −3.1699 −1.3231 0.0016

Information Ratio −0.5372 0.9734 1.9907
Alpha −0.3041 −0.0679 0.0066
Beta 0.0753 0.0495 −0.0551
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Table 7. Runtime differences in models in the ablation experiment based on STAR Market.

Model Runtime/h

L2GMOM 6.9918
L2GMOM_LSTM 6.9294

GL-STN 4.7232

4.3.3. ChiNext Market Experimental Results Comparison

In the ChiNext Market, gradient boosting models have shown consistent performance
in periodic return but overall poor effectiveness. LightGBM slightly outperforms the others
with a result of −0.0861, while CatBoost and XGBoost achieve values of −0.0966 and
−0.0744. Moreover, the average values for the Sharpe ratio, Sortino ratio, and Informa-
tion ratio are −1.8532, −2.7696, and −0.2534, indicating deficiencies in profitability and
information output after adjusting for risk, as shown in Table 8.

Table 8. The performance of different models on various metrics based on ChiNext Market.

Metric GL-STN LSTM CNN-LSTM Transformer CatBoost LightGBM XGBoost

Periodic Return −0.0067 −0.0917 −0.0742 −0.0778 −0.0966 −0.0861 −0.0744
Excess Return 0.0590 −0.0260 −0.0085 −0.0121 −0.0309 −0.0204 −0.0087
Winning Rate 0.4722 0.4333 0.4342 0.4000 0.3929 0.3824 0.4103

Maximum Drawdown 0.0728 0.1011 0.0942 0.1374 0.1268 0.1068 0.1115
Sharpe Ratio −0.3553 −2.0296 −1.9864 −1.8095 −1.9718 −2.2814 −1.3065
Sortino Ratio −0.5154 −2.6046 −3.0227 −3.3699 −3.1082 −3.1015 −2.0993

Information Ratio 1.5242 −0.4062 −0.0933 −0.1441 −0.4675 −0.3258 0.0330
Alpha 0.0138 −0.2686 −0.2499 −0.2377 −0.2785 −0.2986 −0.2239
Beta 0.1366 0.1185 −0.0546 0.0443 0.1427 −0.0903 0.0226

In the evaluation of neural network models, LSTM and CNN-LSTM failed to demon-
strate stability in periodic return, while the Transformer model showed slight improvement
with a fluctuation value of −0.0778. Additionally, the average trade winning rate for these
models is only 0.4225, suggesting limited capability in providing efficient trading decision
support. The average information ratio of −0.2145 further reveals the models’ inadequacy
in delivering effective decision-support information, as shown in Table 8.

Conversely, the GL-STN model emerges as a standout in the ChiNext Market, show-
casing significant stability and superior performance. It leads with a winning rate of 0.4722,
underscoring its precision in trading decisions. It also exemplifies unparalleled loss control
capabilities with a maximum drawdown rate of 0.0728. Furthermore, GL-STN’s superior
Sharpe and Sortino ratios reflect its efficacy in securing higher returns at minimized risks. With
an information ratio of 1.5242, GL-STN stands at the forefront, demonstrating its exceptional
ability to outperform market benchmarks. The model’s excellence extends to the alpha and
beta indicators, affirming its superior risk-adjusted returns and market adaptability.

The account value change curves for different models in the ChiNext Market, shown
in Figures 8 and 9, clearly highlight the GL-STN model’s robustness and consistent account
value preservation, setting it apart from its peers. The ablation experiment results, as
presented in Tables 9 and 10, demonstrate that GL-STN outperforms both L2GMOM and
L2GMOM_LSTM models in terms of its shorter running time and superior index benefits.
This further substantiates its computational efficiency and exceptional performance. The
comprehensive radar comparison chart in Figure 10 encapsulates the model metrics on the
ChiNext Market, offering a succinct overview of GL-STN’s leading performance across
various dimensions.



J. Theor. Appl. Electron. Commer. Res. 2024, 19 1770

J. Theor. Appl. Electron. Commer. Res. 2024, 19, FOR PEER REVIEW 15 
 

 

4.3.3. ChiNext Market Experimental Results Comparison 
In the ChiNext Market, gradient boosting models have shown consistent perfor-

mance in periodic return but overall poor effectiveness. LightGBM slightly outperforms 
the others with a result of −0.0861, while CatBoost and XGBoost achieve values of −0.0966 
and −0.0744. Moreover, the average values for the Sharpe ratio, Sortino ratio, and Infor-
mation ratio are −1.8532, −2.7696, and −0.2534, indicating deficiencies in profitability and 
information output after adjusting for risk, as shown in Table 8. 

In the evaluation of neural network models, LSTM and CNN-LSTM failed to demon-
strate stability in periodic return, while the Transformer model showed slight improve-
ment with a fluctuation value of −0.0778. Additionally, the average trade winning rate for 
these models is only 0.4225, suggesting limited capability in providing efficient trading 
decision support. The average information ratio of −0.2145 further reveals the models’ in-
adequacy in delivering effective decision-support information, as shown in Table 8. 

Conversely, the GL-STN model emerges as a standout in the ChiNext Market, show-
casing significant stability and superior performance. It leads with a winning rate of 0.4722, 
underscoring its precision in trading decisions. It also exemplifies unparalleled loss con-
trol capabilities with a maximum drawdown rate of 0.0728. Furthermore, GL-STN’s supe-
rior Sharpe and Sortino ratios reflect its efficacy in securing higher returns at minimized 
risks. With an information ratio of 1.5242, GL-STN stands at the forefront, demonstrating 
its exceptional ability to outperform market benchmarks. The model’s excellence extends 
to the alpha and beta indicators, affirming its superior risk-adjusted returns and market 
adaptability. 

The account value change curves for different models in the ChiNext Market, shown 
in Figures 8 and 9, clearly highlight the GL-STN model’s robustness and consistent ac-
count value preservation, setting it apart from its peers. The ablation experiment results, 
as presented in Tables 9 and 10, demonstrate that GL-STN outperforms both L2GMOM 
and L2GMOM_LSTM models in terms of its shorter running time and superior index ben-
efits. This further substantiates its computational efficiency and exceptional performance. 
The comprehensive radar comparison chart in Figure 10 encapsulates the model metrics 
on the ChiNext Market, offering a succinct overview of GL-STN’s leading performance 
across various dimensions. 

 
Figure 8. The account value change curves of different models based on ChiNext Market. Figure 8. The account value change curves of different models based on ChiNext Market.

J. Theor. Appl. Electron. Commer. Res. 2024, 19, FOR PEER REVIEW 16 
 

 

Table 8. The performance of different models on various metrics based on ChiNext Market. 

Metric GL-STN LSTM CNN-LSTM Transformer CatBoost LightGBM XGBoost 
Periodic Return −0.0067 −0.0917 −0.0742 −0.0778 −0.0966 −0.0861 −0.0744 
Excess Return 0.0590 −0.0260 −0.0085 −0.0121 −0.0309 −0.0204 −0.0087 
Winning Rate 0.4722 0.4333 0.4342 0.4000 0.3929 0.3824 0.4103 

Maximum Drawdown  0.0728 0.1011 0.0942 0.1374 0.1268 0.1068 0.1115 
Sharpe Ratio −0.3553 −2.0296 −1.9864 −1.8095 −1.9718 −2.2814 −1.3065 
Sortino Ratio −0.5154 −2.6046 −3.0227 −3.3699 −3.1082 −3.1015 −2.0993 

Information Ratio 1.5242 −0.4062 −0.0933 −0.1441 −0.4675 −0.3258 0.0330 
Alpha 0.0138 −0.2686 −0.2499 −0.2377 −0.2785 −0.2986 −0.2239 
Beta 0.1366 0.1185 −0.0546 0.0443 0.1427 −0.0903 0.0226 

 
Figure 9. The account value change curves of models in the ablation experiment based on ChiNext 
Market. 

Table 9. The performance of models in the ablation experiment on various metrics based on 
ChiNext Market. 

Metric L2GMOM L2GMOM_LSTM GL-STN 
Periodic Return −0.0279 −0.0146 −0.0067 
Excess Return 0.0379 0.0511 0.0590 
Winning Rate 0.4712 0.4756 0.4722 

Maximum Drawdown  0.1281 0.0717 0.0728 
Sharpe Ratio −0.6081 −0.3555 −0.3553 
Sortino Ratio −0.9346 −0.5264 −0.5154 

Information Ratio 0.7931 1.0305 1.5242 
Alpha −0.0452 −0.0181 0.0138 
Beta 0.1467 0.0783 0.1366 

Table 10. Runtime differences in models in the ablation experiment based on ChiNext Market. 

Model Runtime/h 
L2GMOM 34.0752 

L2GMOM_LSTM 33.9639 
GL-STN 24.2041 

Figure 9. The account value change curves of models in the ablation experiment based on
ChiNext Market.

Table 9. The performance of models in the ablation experiment on various metrics based on
ChiNext Market.
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Table 10. Runtime differences in models in the ablation experiment based on ChiNext Market.

Model Runtime/h

L2GMOM 34.0752
L2GMOM_LSTM 33.9639

GL-STN 24.2041
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5. Discussion and Analysis

Building on the evaluation of the GL-STN model’s performance across different Chi-
nese stock market segments, it is crucial to emphasize the Chinese stock market’s represen-
tativeness in the global financial landscape. As one of the world’s largest stock markets,
the Chinese stock market is representative not only in terms of scale and liquidity but also
in volatility, regulatory environment, market structure, and technological applications. It
offers a comprehensive landscape for evaluating the GL-STN model and provides valuable
insights into global financial markets.

Firstly, China’s Main Board market encompasses a large number of mature, large-cap
companies. It has relatively low volatility and high liquidity, similar to the New York Stock
Exchange (NYSE) and National Association of Securities Dealers Automated Quotations
(NASDAQ) in the United States. The SME board mainly represents the investment envi-
ronment for small and medium-sized enterprises, akin to the Frankfurt Stock Exchange
(FSE) and other European stock markets. These markets offer an ideal environment for
testing the model’s adaptability to different economic scales and types of enterprises. On
the Main and SME Boards, the GL-STN model demonstrates effective market volatility
control and strong profitability through lower cyclical returns and higher Sharpe ratios.
These characteristics indicate that the GL-STN model has the potential to perform well in
other mature markets with similar attributes globally.

Secondly, the STAR Market and ChiNext Market are characterized by high volatility
and high growth, making them suitable for studying model performance in emerging
market environments. Emerging markets such as India and Brazil also share these char-
acteristics, with high innovation potential but also high risk. On the STAR Market, the
GL-STN model maintains stable trading success rates and controlled maximum draw-
downs. In the ChiNext Market, the GL-STN model shows good adaptability, effectively
handling market volatility and risk management. This implies its potential applicability in
other high-risk, high-reward markets worldwide. By testing in China’s diverse markets,
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we can better understand and predict the applicability and performance of the GL-STN
model in other global markets.

Furthermore, abrupt market shifts and black swan events are crucial factors that cannot
be ignored in quantitative stock selection. The GL-STN model incorporates certain measures
in the hope of addressing these challenging issues. Firstly, through multi-sequence inputs,
the GL-STN model can dynamically adapt to market changes, enhancing its sensitivity
to sudden events. Secondly, GL-STN uses GCN to process complex interactions in stock
market data, generating feature representations that reflect the relative positions and
influences of stocks within the market network. This captures nonlinear and dynamic
relationships, improving the model’s responsiveness to sudden changes. Additionally,
the integrated attention mechanism significantly enhances the GL-STN model’s ability to
capture and emphasize critical market information, allowing the model to focus on key
market signals and maintain robustness in volatile markets. Finally, by combining LSTM to
process weighted GCN outputs, GL-STN has the potential to quickly adjust predictions
and decisions, demonstrating high flexibility and adaptability during sudden events or
black swan incidents.

Moreover, the GL-STN model’s robust and complex design, which includes GCN,
L2G mechanisms, attention mechanisms, and LSTM, is well-suited for handling large
volumes of market data. This architecture effectively captures and analyzes both spatial
and temporal features in financial datasets. The design of the GL-STN model facilitates
high-dimensional data processing and robust feature extraction, ensuring precise analysis
even with extensive and complex datasets.

Additionally, the model structure is highly extendable. Its architecture is designed
to accommodate increasing data complexity and volume, making it capable of managing
larger datasets and more intricate financial instruments. The modular approach, incorporat-
ing components such as GCN and LSTM, allows for the seamless integration of additional
layers or mechanisms to enhance performance. This flexibility allows the GL-STN model to
adapt to evolving market conditions, integrate new data sources, and incorporate advanced
analytical techniques as they become available. Its extensibility supports continuous im-
provement and adaptation, ensuring its relevance and effectiveness in the ever-changing
financial markets.

Overall, the evaluations suggest that the GL-STN model exhibits a degree of versatility
and robustness. It shows potential in quantitative stock selection across diverse global
markets, demonstrates the ability to handle large datasets, and may assist in managing
abrupt market shifts and black swan events.

6. Conclusions and Outlook

The aim of this study was to explore a novel quantitative stock selection method
based on the GL-STN model. We conducted an in-depth analysis of traditional quantitative
stock selection methods and the principles of the L2G layer. By integrating GCN, L2G,
attention mechanisms, and LSTM, we proposed an improved composite investment strategy.
Empirical results demonstrate that in various market segments such as the Main Board,
SME Board, STAR Market, and ChiNext Market, the GL-STN model exhibits significant
stability, profitability, and excellent market adaptability.

In the mature Main and SME Boards, the GL-STN model effectively controlled market
volatility and ensured profitability, with a lower periodic return and higher Sharpe ratio.
In the volatile STAR Market, the model maintained a stable winning rate and controlled
maximum drawdown. In the ChiNext market, it demonstrated strong adaptability in
managing market fluctuations and risk.

Despite positive results, there remains room for improvement in model parameter
optimization, feature selection, and time efficiency [51]. Future research could explore more
efficient parameter adjustment methods and more refined feature engineering techniques
to enhance the model’s accuracy and generalizability. Furthermore, although the GL-STN
model has reduced runtime, there is still scope for further improvement in time efficiency.
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Additionally, while the current model focuses mainly on the Chinese stock market, future
studies should apply it to international stock markets to explore the model’s performance
in different market environments. This would not only validate the model’s robustness but
also provide references for international quantitative investment strategies.
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