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Forecasting the future movements of stock market indexes by utilizing historical transaction
data is a prominent concern within the realm of finance. The application of graph convolutional
networks to incorporate the interrelationships among various indices’ patterns is a highly
advanced subject within this field. Addressing the inconsistency between historical and future
dynamic graphs in current graph convolution-based index prediction, we propose a method
called G-Conv that constructs a graph structure based on constituent stocks of the indices for
index trend prediction. This approach extracts traditional quantitative features along with deep
features from one-dimensional convolutional networks as characteristics of prediction samples.
The method produces index trend predictions by constructing a graph structure using
constituent stock data of indices and applying graph convolution to different index sample
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features. The proposed methodology’s efficacy is verified by utilizing 42 widely employed
indicators in the A-share market. The experimental findings demonstrate that when utilizing
mean absolute error (MAE) and mean squared error (MSE) as the loss functions for model
training, G-Conv outperforms classic methods such as GC-CNN and ADGAT. Specifically,
G-Conv reduces the average prediction errors by 5.10% and 4.20% respectively, as evaluated by
the two error criteria. Additionally, G-Conv exhibits favorable generalization performance.

Keywords: Stock market prediction; graph convolutional networks; index trends; constituent
stocks; financial forecasting.

1. Introduction

An important topic in the realm of financial investment is forecasting stock market
movements using previous transaction data [1]. Accurately gauging the valuation of an
individual stock proves challenging, owing to the ever-fluctuating essence inherent in
stock prices and their vulnerability to unforeseen factors like corporate operations and
public opinion. Stock market indices are indicators compiled according to specific
principles that reflect the overall trend of a basket of stocks. In comparison to indi-
vidual stocks, indices are less influenced by factors like the operational status of indi-
vidual companies, resulting in better predictability [2]. Setting and meeting the right
standards with your internal and external stakeholders will enable you to gain their
trust, inspire their confidence and consistently and on schedule offer value to your end
customers. The capacity of a team to reach a high level of predictability will depend on
circumstances specific to each organization, yet there are standardized practices that
every business should use but probably does not. Techniques begin with understanding
and expanding on the principles of scrum while utilizing certain metrics that will aid in
your teams’ ongoing improvement and increased predictability. One of the most
challenging tasks in software development is achieving a high degree of predictability.

Presently, there are numerous indices in the domestic securities market.
Predicting index trends not only aids investors in mitigating investment risks and
enhancing returns but also offers insight for formulating economic policies. Stock
market indices serve as a gauge for the state of the market. It reflects stock market
conduct as represented by the movements of all the stocks. They serve as a yardstick
to assess the success of a portfolio. They aid in more effective resource allocation in
businesses. Additionally, they support future stock prices and business cycle fore-
casting. The benchmark indexes of the Indian stock market are CNX NIFTY and
BSE SENSEX. Both indexes display market activity. Sectoral Indices indicate a
certain economic sector. Stocks’ market capitalization serves as the basis for market-
cap-based indexes. A stock’s market capitalization provides information about its
worth. It is the result of the market price at the time and the number of outstanding
shares in the firm. Free Float Market Capitalization Weighted is the process used to
calculate market capitalization.
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The SADIE (spatial analysis by distance indices) data analysis methodology is an
effective tool for assessing organism patterns (in terms of patches and gaps) and
evaluating the randomness of the patterns. SADIE was recently created to assess
spatial patterns of organisms for either geographically referenced sample units or
individuals. The most common application of SADIE for spatially referenced sam-
pling units is to quantify patterns by the total distance that individuals must be
moved between sampling units for the data to be as regular as possible (i.e., there are
the same number of individuals in each sampling unit). To examine the long- and
short-term relationships among regional stock indexes, time series approaches are
more suitable. The best time series approaches for examining long- and short-term
links include cointegration, causal and innovation analyses. Strong economic links,
coordinated policy and trade between the relevant areas may cause their stock in-
dexes to be indirectly linked.

In that sequence, time series analysis approaches conventional machine learning
methods, and deep learning methods have been the three main phases of the decades-
long research into forecasting stock market movements [3]. The four phases of the
stock market cycle are accumulation, mark-up (run-up), distribution and mark-down
(run-down). You will benefit from having a solid understanding of each phase’s
operation if you analyze charts for trading and use technical analysis. As soon as a
new firm is launched on the public exchanges, it goes through the accumulation
period, which is the first stage of the stock lifecycle. Strong resistance has built at the
top of the charts throughout the accumulation period, creating a range. A month to
many years may pass throughout the time span. The type of the business and the
success of the firm are key factors. When the accumulation phase has overcome its
opposition, the run-up phase starts to define new and higher stock values.
The traders or investors who missed their chance to accumulate in the first phase are
now purchasing the stock vehemently in this phase. As a result, a large number of
shares for that particular stock are trading during the run-up period. The amassed
share traders start to sell the security during the distribution phase, the third stage of
the stock market cycle. The reversal stage is another name for this phase. The
decreasing stage of the stock lifecycle is the final stage, which is not a good moment
for investors and long traders to enter. Due to the traders’ purchases of equities
during the distribution phase, there is a sell-off during this period. By maintaining a
small number of buyers for the stock, the demand for security drops quickly.

The Auto Regressive Moving Average (ARMA) model is the most traditional
approach in time series analysis [4]. However, this methodology has gradually been
replaced by later ones, with fewer pertinent investigations in recent years, because
time series models are unable to capture nonlinear temporal interactions. Decision
trees [5], random forests [6], support vector machines [7] and shallow neural networks
[8] are a few examples of traditional machine learning techniques. An increasingly
common machine learning method used in quantitative trading and investment is
decision trees. These algorithms have developed into a useful resource for traders and
investors wanting to get a competitive advantage in the markets. They may be used
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to examine past financial data and uncover patterns that guide investment decisions.
These algorithms divide a dataset recursively into smaller subsets, with each split
denoting a choice or a forecast. The result is a tree-like structure, with each internal
node standing in for a choice and each leaf node for a forecast. Decision tree
algorithms may be used to examine past financial data and spot trends that might
help investors make better choices.

A supervised classification technique used in machine learning, the random forest
algorithm takes an ensemble approach to solve the problem of overfitting in decision
trees. It comprises several decision trees built at random using characteristics from
the dataset. By combining the results from the decision trees and using the most
common forecast, the random forest’s final prediction is established. The random
forest considers the conclusion that is reached the most times through the multiple
decision trees to be the ultimate result.

One of the most well-liked supervised learning algorithms, Support Vector Ma-
chine, or SVM, is used to solve Classification and Regression issues. The SVM
algorithm’s objective is to establish the optimal line or decision boundary that can
divide n-dimensional space into classes, allowing us to quickly classify fresh data
points in the future. A hyperplane is the name given to this optimal decision
boundary. SVM selects the extreme vectors and points that aid in the creation of the
hyperplane. Support vectors, which are used to represent these extreme instances,
form the basis for the SVM method.

These techniques continue to be used extensively in the world of investments
because they may identify nonlinear correlations in time-series data. However,
conventional machine learning approaches have inherent limitations in forecasting
stock market trends since they require manual feature extraction from trading data
and are unable to find deep-level connections between time-series data. Artificial
neural networks (ANNs) and support vector machines (SVM), two examples of
machine learning models, have been frequently utilized to forecast financial time
series with remarkably accurate results. Due to their capacity to simulate compli-
cated nonlinear topologies, deep learning models have more recently been used to
tackle this issue. Deep learning can represent difficult real-world data correctly and
more effectively than typical machine learning models by identifying strong features
that capture the necessary data. The best of both worlds is offered by the deep
reinforcement learning technique, which enables agents to learn deep features from
training data without requiring a labeled data set and allows for the customization of
certain reward functions.

As deep learning techniques have gained success in fields such as image analysis
and natural language processing, an increasing number of researchers have begun
applying deep learning models to stock market prediction [9]. Image analysis is the
process of extracting useful information, primarily from digitally stored images, using
a variety of processing techniques. However, each of these techniques may only be
useful for a limited number of tasks, as there are currently no known methods of
image analysis that are general enough to be used for a variety of tasks, as opposed to
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a human’s image-analysis skills. On the other hand, natural language processing
(NLP) is a branch of artificial intelligence in which computer methods are used to
analyze and synthesize voice and natural language. Deep learning and neural
network applications in natural language processing are just a few of the innovations
that have led to the development of speech-to-speech translation engines and spoken
dialogue systems, as well as the mining of social media for financial and health-
related information and detecting sentiment and emotion toward goods and services.
Recent developments in deep learning allow us to analyze a huge number of photos
effectively; yet, the pace of manual human work has largely hampered the collection
of such big datasets. To accommodate the natural language information for image
analysis, medical pictures are often preserved with the radiological reports that go
with them.

Deep learning models do not require manual feature extraction; they use raw
sequential data as input and allow neural networks to automatically learn the data’s
features and make predictions. The term sequential data refers to data where indi-
vidual points in the dataset depend on one another. These sorts of data are often
difficult for conventional neural networks to manage. The researchers have called for
new paradigms of data analysis to derive relevant insights from it as a result of the
availability of the data. Predictions using such analysis may be useful in several
fields, including fraud detection, cyber security and medical informatics. A further
issue with too much information is that it gives users of web apps too many options.
To make predictions and judgments, machine learning algorithms build models that
can learn from the data without being explicitly programmed. Deep learning
develops feature representations from the data itself, unlike task-specific machine
learning algorithms. Deep learning was able to produce futuristic results for in-
credibly difficult problems across a variety of disciplines thanks to these character-
istics; especially in the fields of health care, computer vision, information retrieval
and natural language processing.

Various techniques commonly employed in the field encompass multi-layer feed-
forward neural networks [10], recurrent neural networks (RNNs) [11, 12], deep belief
networks [13], convolution neural networks (CNNs) [14], hybrid models [15, 16] and
graph convolutional neural networks (GCNs) [17-25]. Multi-layer feedforward neu-
ral networks and deep belief networks are utilized to develop mapping linkages
between time-series data and potential updates through the incorporation of nu-
merous fully connected layers. The Multilayer Feed-Forward Neural Network
(MFFNN) is a multi-layered, linked artificial neural network with neurons that have
weights attached to them. The activation functions are used to compute the output.
It is one of the varieties of neural networks in which the signal flow is from input to
output units and there are no loops, feedback or signal movement from output to
hidden and input layer. The activation process of a neuron acts as a decision-making
body at the output. Either linear or nonlinear decision limitations are learned by the
neuron depending on the activation function. Additionally, it has a leveling effect on
neuron output, preventing the cascade effect from causing neurons’ output to grow
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too large after numerous layers. The simplest feed-forward neural network could
seem like a single-layer perceptron. This model multiplies inputs as they enter the
layer by weights. The weighted input values are then added collectively to determine
the final total.

Using a deep architecture, a Deep Belief Network (DBN) is a powerful generative
model. Deep layered networks have problems with traditional neural networks, thus
we develop Deep Belief Networks (DBNs) to solve these problems. A DBN counsists of
multiple layers of stochastic latent variables. Binary latent variables, often called
feature detectors or hidden units, are a subclass of latent variables. DBN is a hybrid
model for generating graphics. The two uppermost levels are undirected. Directed
linkages connect the upper levels to the lower layers. DBN is a method for proba-
bilistic unsupervised deep learning.

Nevertheless, the foremost obstacle encountered by these networks is the van-
ishing gradient problem, which arises as a result of the deep layers inside the opti-
mization procedure. Convolutional neural networks (CNNs) employ pooling
processes to effectively reduce the number of model parameters. By downsampling
feature maps from the preceding layer, pooling layers produce new feature maps.
This layer has two purposes: one is to lower computing costs by decreasing the
number of parameters or weights, and the other is to prevent the model from re-
membering. The pooling layer separates the features of the convolution layer into
groups dependent on the pooling size. Each group is expressed as a single value via
downsampling. As a consequence, a new feature map with a reduced size has been
created. The pooling layer attempts to retain the pixel values of the input data while
expressing them in a smaller size.

Additionally, they utilize local convolutions to analyze and establish connections
between various data sequences. Nevertheless, CNNs require locally ordered input
data, a constraint unsuitable for modeling stock market indices with independent
changing trends. Recurrent neural networks excel at modeling historical sequences
and currently dominate deep models in stock market prediction. However, RNNs also
cannot model multi-index sequences with non-Euclidean relationships. GCNs,
emerging in recent years for predictive modeling of graph data, can establish rela-
tionships between non-Euclidean predictive variables, making them highly suitable
for addressing the prediction of multi-sequence data with correlated trends. Any
previous business transactions that were conducted before a specific period are re-
ferred to as historical data (historical transactions). This phrase may also be used to
describe the transactions that the company manually entered before using ac-
counting software. Transactional data is the most important since it enables several
inferences about a person’s personal life and real activity. The main components are
a date, account or credit card number, beneficiary account information, a description
of the purchase and the cost. The most private information may be viewed in even
greater depth on a payment statement.

Using GCNs to predict stock market trends faces the fundamental challenge of
how to construct graph structures between different indices. Graph generation
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approaches can be categorized into two major types: static and dynamic. Static
methods utilize inherent domain knowledge and attributes of stocks to calculate
correlations between them. For instance, Ahmad et al. [18] establish a graph struc-
ture between stocks based on business association information among companies,
Yun et al. [19] construct hypergraphs between stocks using industry relationships
and fund holding data, and Zhang et al. [20] establish stock associations using
shareholder ownership data. These methods require collecting specific stock-related
data from areas like supply chains and shareholders. However, since indices lack such
data, these methods are not applicable for constructing graph structures between
indices.

Data structures called graphs are made up of nodes or vertices connected by
edges. Graphs are used to represent the connections and interconnections between
various components, which make it easier to simulate and assess complex systems. A
nonlinear data structure is a graph. It consists of a group of nodes joined together by
edges. A data field may be found in each node. The mapping between the graph’s
vertices and edges is represented by an adjacency matrix. It may depict the weighted
undirected, weighted directed, undirected and directed graphs. A graph is repre-
sented as an adjacency list using linked lists. A linked list that contains the value of
the node and a pointer to the node next to it is present for each node in a graph.

Dynamic methods, on the other hand, calculate correlations between stocks dy-
namically based on their historical trends, allowing for the discovery of non-obvious
relationships. For example, Cosgun [21] and Thakkar and Chaudhari [22] dynami-
cally calculate the graph structure between stocks using the Spearman rank corre-
lation coefficient based on historical trend data. Chen et al. [23] employ Hawkes
processes to unearth associations between different stocks. Chou et al. [24] and Zhao
et al. [25] generate graph structures using dynamic optimization methods. The
graphs obtained through these methods depend on historical data, but the high
randomness of the stock market means that the correlations between indices can
change with shifts in the economic situation. Consequently, historical graphs are
often inadequate for predicting future trends. Establishing a non-dynamic graph
structure between indices remains a current research challenge. Furthermore, as
graph convolutional networks need to model multiple indices simultaneously, and
since different indices have significant point differences, normalizing multiple indices
with varying points to a common scale is also a problem that needs resolution.

Because dynamic graph data changes over time, it is important to manage his-
torical data to obtain a snapshot graph at a certain period. Continuously changing
dynamic graphs create a vast quantity of historical data. A historical graph is nec-
essary to handle the continual changes in the vertices and edges that make up the
graph to trace the history of changes in graphs or to search for graphs at a certain
period in the past in a dynamic environment. Historical graphs store changes in
vertices and edges that have occurred over time in the initial graph as well as changes
in the final graphs, allowing us to analyze graph changes and view the graph’s status
at a given time. The Version Graph offers high space efficiency from a spatial
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standpoint since it just stores the change history and not all graphs. Due to the
necessity of progressively accessing the change history from the first graph to ex-
amine the graph data at the necessary time, it suffers from the problem of sluggish
access speed.

In this study, the future price changes of commonly observed indices in the A-share
market are used as the prediction target. Traditional quantitative features and
one-dimensional convolutional deep features are employed as the predictive sample
features. The goal of investing in the financial market is to reap more rewards; but,
because of the complexity of the market and the numerous factors that impact it,
forecasting future market dynamics is difficult. The manners of stock market investors
may necessitate the examination of several related aspects and the extraction of rel-
evant data for accurate forecasting. Fusion may be thought of as a strategy to combine
data or qualities in general and improve prediction based on a combinational strategy
that can support one another. Fusion may be viewed as the process of integrating
several components that can increase performance and provide beneficial outcomes. It
can be thought of as a change of one or more aspects to create an effective represen-
tation. Exploring and making use of the environment requires a variety of data,
characteristics, techniques, parameters, etc.; this information may be combined to
improve performance. Information fusion involves dealing with the processed and/or
generated data, whereas data fusion is the fusion conducted on the raw form of data.

GCNs are used to model index relationships. Given the existing challenges, this
study introduces several innovations. First, to address the absence of a normalization
method for multi-index modeling data when extracting one-dimensional convolutional
features, a normalization approach that combines linear normalization and Sigmoid
transformation is proposed. Second, to tackle the inconsistency between historical and
future dynamic graphs for indices, a method is introduced that constructs an index
graph based on index constituent stock data and employs convolution. Third, the
effectiveness of this approach is validated using 42 indices in the A-share market, and
the results demonstrate a significant reduction in prediction error.

2. Index Prediction Framework

The framework for index prediction in this paper comprises two main components:
the feature extraction layer and the graph convolutional layer, as illustrated in
Fig. 1. The model structure is depicted in the figure. The feature extraction layer is
designed to extract quantitative and deep features from the raw index data of the
samples. Before using an ML model to predict outcomes, a feature selection proce-
dure should be carried out to choose important characteristics from the initial feature
set. The feature selection procedure also enhances the performance of ML models by
lowering the number of unnecessary variables, the cost of computation and the
overfitting issue. If we just choose a few characteristics to use as input for an ML
model, there may not be enough data to generate predictions. Due to the curse of
dimensionality, a high number of features also lengthen the running time and impair
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Fig. 1. Index forecasting framework.
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generalization performance. To make accurate forecasts, only the most important
factors that have an impact on the outcomes should be chosen.

This layer takes historical K-line data and valuation data of the indices as input
and yields extracted sample features as output. Quantitative features are traditional
financial indicators used in investment, including metrics like price-to-earnings ratio,
moving averages and relative strength index. This aspect will be elaborated upon in
Sec. 2.1. Deep features are features computed using a one-dimensional CNN. Several
techniques for data characterization and feature extraction can create quantitative
characteristics, which have been effectively employed as biomarkers. These char-
acteristics provide details on a nodule, such as its size, pixel intensity, histogram-
based data and texture data derived from wavelets or a convolution kernel. The last
layers of a CNN, which come before the classification layer, are often where deep
picture characteristics are retrieved. The CNN learns to detect distinct patterns and
textures by practicing a variety of picture types. To handle challenging issues (such
as picture colorization, classification, segmentation and detection), deep learning
(DL) is utilized in the field of digital image processing. With the use of massive data
and plenty of processing power, DL techniques like CNNs have pushed the envelope
of what is feasible and primarily increased prediction performance. Super-human
precision is being used to address issues that were formerly thought to be insur-
mountable. One excellent example of this is image categorization.

This component first transforms index points into price changes and normalizes
the data to mitigate the impact of differences in index point values. Subsequently, a
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one-dimensional CNN is employed to perform convolutions on the samples and
derive deep features. The feature extraction layer will be discussed in Sec. 2.2.

The graph convolutional layer takes index constituent stock data and the deep
features from the feature extraction layer as input and produces prediction labels for
different indices as output. This layer initially constructs a graph structure among
indices using index constituent stock data, with vertices representing indices and
edges representing the correlation weights between indices. It then performs graph
convolution operations on the sample features extracted in the feature extraction
layer to facilitate the fusion of sample features across different indices. Finally, the
index features, post graph convolution, are mapped to the price changes of the
indices through a fully connected layer. The graph convolutional layer will be
detailed in Sec. 3.

3. Feature Extraction Layer

The feature extraction layer comprises two components: quantitative feature ex-
traction and deep feature extraction. Quantitative features refer to commonly used
technical indicators in the field of financial investment, including metrics like price-
to-earnings ratios and moving averages. Deep features are features automatically
extracted from historical trading data using a one-dimensional CNN. These two
types of features are detailed in Secs. 2.1 and 2.2, respectively.

The historical data used in this study includes index valuation data and trading
data. Valuation data consists of daily-related metrics such as price-to-earnings ratio,
price-to-book ratio and turnover ratio. Trading data comprises 5-min interval K-line
data. K-line data is represented as g = (g1, go, - - - , g5), with each of the five elements
representing open, high, low, close and volume values. Index trading data is repre-
sented as G = {g1,92,--., 90}, and Gj = {1}, 92j,-- -, gu;} represents the sequence
composed of all jth elements, where U is the length of historical trading data. This
study uses historical data from the past b; days to predict the average index price
changes for the next by days. Before performing feature extraction, the trading se-
quence data is partitioned into samples. The calculation method for the uth sample
and its label is shown as follows:

Ty = {1’71” 1'72” s >le><k} = {g(ufl)kafh s 79(71,71)><k,+b1><k}3 (1)
1 by—1
Yu Zg((u+b1+i)><k) -1 (2)

 Dag((um14by) ) =0

Among them, z!, is the ith K-line in the sample z,,, k is the number of K-lines per day
and k& = 48 for 5-min K-line data. After dividing the samples, the sample set con-
taining labeled data is denoted by T = {(z1,91), (2, ¥2)s -« -, (T, Yu) }-
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Table 1. Quantitative features.

Index Abbreviation

Index full name

Indicator description

P/E P/E Ratio 3-day and 5-day averages

P/B Price-to-book ratio 3-day and 5-day averages

— Turnover rate 3-day and 5-day averages

ROC Rate of change Calculate the values for the
3rd and 5th days separately

WMA Weighted moving average Calculate the values for the
3rd and 5th days separately

HMA Hull Moving Average Calculate the values for the
3rd and 5th days separately

EMA Exponential Moving Average Calculate the values for the
3rd and 5th days separately

TEMA Triple Exponential Moving Average Calculate the values for the
3rd and 5th days separately

CMO Chande Momentum Oscillator Calculate the values for the
3rd and 5th days separately

WR William index Calculate the values for the
3rd and 5th days separately

RSI Relative strength index Calculate the values for the

5th and 9th days, respectively

3.1. Quantitative feature extraction

Drawing from methods outlined in [27-39)], the quantitative features extracted in this
study are presented in Table 1.

The values for the price-to-earnings ratio, price-to-book ratio and turnover ratio
represent the average over the last 3 and 5 days. The rate of change signifies the
percentage change between the closing price of the current day and the closing price
N days ago. This includes the 3-day and 5-day rate of change, computed as follows:

SR _ g (ki
ROC,(n) = o (=)<} ' (3)
u

Weighted Moving Average and Hull Moving Average are used to calculate the
weighted average of the closing prices for the most recent n days. This includes the 3-
day and 5-day moving averages. The calculation methods are as follows:

n . (bi—n+j)xk)4
WA, (1, n) = 22197 , (4)
n
HMA, (z,,n) = WMA,,. (5)

Exponential Moving Average (EMA) and Triple Exponential Moving Average
(TEMA) are also types of moving average indicators. They differ from the weighted
moving average in terms of how the weights are calculated. The calculation methods
for these two indicators are presented as follows:

(xuvn) =aX xl(Lb]XkM + (1 - Oé) X EMAufl(xufhn - 1)7 (6)
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(x4, 1) = 3 X (24,n) = 3% ((#y,n),n) + EMA,(EMA, (EMA, (z,,n),n),n), (7)

where a =2/(n+1) is the moving weight. The Chande Momentum Oscillator,
Williams Indicator and Relative Strength Indicator are used to measure the over-
bought and oversold levels of buying and selling, and the calculation methods are as
follows:

T,-T,

CMO,(n) = T 1T (8)

~ max{G,} — xiblxm
WR,(n) = max{Gy} — min{G3}’ 9)
RS (n) EMA,(V,n) (10)

~ EMA,(V,n) + EMA, (E,n)’

where T, A T,, respectively, represent the sum of momentum for rising and falling
days within the past n days, Gy and G4 signify the sequences of highest and lowest
points within the last n days, and V and F represent the sequences of upward and
downward price changes within the past n days. This is indicative of the quantified
feature vector x,, extracted from the sample o,.

3.2. Deep feature extraction
3.2.1. Data preprocessing

To mitigate the influence of differences in index values, the sample’s index values yff
are first transformed into percentage changes as follows:

ij{yff—yz(f_m ‘71y5"—y5f_1>j Lyl -yl

Yy yif*””‘ ,J ij*Uf , J ji=2,3,4. (11)
As shown in Eq. (11), the calculation of percentage changes differs for different
components of the K-line. For instance, the opening price is compared to the previous
moment’s closing price, while the volume is compared to the previous moment’s
trading volume. Similarly, the highest, lowest and closing prices are calculated rel-
ative to the current moment’s opening price. After converting to percentage changes,
the samples are normalized using the method detailed in the equation:
nij _ - :ZJ — )
" pre(X),a) —pre(X),1—a)’

(12)

Among them, Y7 is the set of all 4/*/ in the sample set, 3/ is the mean value of elements
in Y/, pre(X’, a) is defined as an element in Y7, and satisfies Y. The pieces with a
proportion of « are smaller than pre(X 9, «), where 0.5 < a <1 is a variable
parameter used to control the normalization range of the data. The larger the value,
the more dispersed the data after the execution of formula (12); on the contrary, the
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data is more concentrated towards 0. According to the characteristics of the K-line
rise and fall data, after normalization using formula (12), the data is mainly focused
between —1 and 1. However, a tiny portion of the data lies outside of this band.
To reduce this part of the model training process, the influence of data on the
gradient, perform Sigmoid transformation on the result of the formula (12), as
follows:

3 y fol—1
Y = 2Sigmod(y;}) — 1 = ——. (13)

i1
After formula (13) is executed, the data is normalized to be between —1 and 1. The
normalized sample is denoted as y,,, used as the input of one-dimensional convolution.

3.2.2. One-dimensional convolution

After normalizing the samples, use a one-dimensional convolutional network to ex-
tract sample depth features. The network input is the sample y,, whose index is at
time u, and the output is the convolutional depth feature o}. The one-dimensional
convolutional network structure is shown in Fig. 2.

As shown in Fig. 2, the input of the one-dimensional convolutional layer is a matrix
of 7y x n?, where 7, = b; x k is the length of the data in the sample, and n!= 5 is the
number of input channels. The one-dimensional convolutional network includes p
convolutional pooling layers. The jth convolutional pooling layer has nJ convolution
kernels, and the size of each convolution kernel is ni X nfl — 1. During the convo-
lution process, each seed slides the input data along the time direction and calculates
the convolution in every sliding step. The calculation method of the nth row and the

P of the jth layer is shown as follows:

f-column in the convolution result & j

p convolution pooling layers output layer
2 )
\ 1" = ~ o~ SS
N 1" ~< ~
\ /"
Y 1
AN AN " ,' D
N ~ N f
! convol
~a [ N ution
i S~o AN e
pooling [~~~
npt wn?
. mp; Zxwd .
Upx e EJ_- xn wxni a1

Fig. 2. One-dimensional convolutional network structure.
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f+71’n’1 g

(53771,7) Z g‘] 1 ( f+1 (14)
1

(3: e=

where (§;_) is the value of d in line b of the jth layer convolution input data, (c¢7)¢_ ;4
is the fth convolution kernel of the jth layer. The value of column d at row ¢ — d +1lin.
After all the convolution kernels are convoluted, the output result of £’ e nd di-

t
mension is obtained, where £" =

=¢&;1 —nj + 1. After receiving the convolutlon
result, use maximum pooling to reduce the amount of data. The calculation method of

pooling is as follows:
(fj);’c = max. (15)

Among them, (Q)fc is the value of the nth row and column g of the jth layer pooling
output result, which is the more significant value of the convolution result £ ? in the
time dimension of the two adjacent data. The data dimension after pooling is 7; x n3,
where 7, = ¢ f . After p convolution and pooling layers, a convolutional layer is used to
map the output of the convolutional pooling layer to the depth feature o} of the sample.
After the quantization feature is connected with the depth feature, the part out of the
model is obtained and is represented by o}. The quality of the tth sample of index I and
the elements of all the tth pieces of the index are denoted as O;.

4. Graph Convolution Layers

To reflect the trend correlation of different indices in the forecasting process, the
graph convolutional layer uses the graph convolutional network to fuse quantitative
and deep features. This section first introduces index graph construction based on
index constituent data and then presents index feature fusion based on graph con-
volution.

4.1. Index graph construction

The primary problem of using graph convolutional neural networks for exponential
feature fusion is constructing a graph structure between indices. A graph is repre-
sented by H = {W, F'}, where W is the set of vertices and F is the set of edges. In the
model of this paper, the vertex represents the index, and the edge represents the
relationship between the indices. Edges are represented by an adjacency matrix
B = (b;;) nxn, where N is the number of vertices, and b means the association weight
between vertices ¢ and j. Since the index is obtained by weighting multiple con-
stituent stocks, two indices with the same constituent stocks are related in trend, so
this paper uses the proportion of the same constituent stocks in the index to calculate
the adjacency matrix. Assuming that the constituent stocks and weights of index [
are represented by the set D; = {(dy, z1)(indy, x5), ..., (ind, ,x,, ) the calculation
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Algorithm 1. Construction Algorithm of Graph Adjacency Matrix Based on Index
Component Stock Data

Input: constituent stock data D; and D; of index I and index j;
Output: the weight of index I and index j in the adjacency matrix;

Let bLJ = 0;

Execute for V(ind;, ;) € D;:
Execute for V(ind;, z;) € D;:
If ind; = ind;, then:

bij = bj + (L’j

Return b;;;

SO o=

method of edge aid of index I and index j in the adjacency matrix is as shown in
Algorithm 1.

As shown in Algorithm 1, the percentage of indices A and J that share compo-
nents can be calculated using the edge and adjacency matrices. This method of
computation has the meaning that is described below. If the stocks that make up
indices I and j are identical, then a change in indices I will weigh and indices j will
weigh-off. If the proportion is large, the impact on index j will be more significant
when index I changes. The convolution processes will exhibit increased robustness
when utilizing the same convolution kernel settings, hence resulting in a stronger
correlation. The sum of specific gravity is calculated. The adjacency matrix b;; cal-
culated by this method is an asymmetric matrix, and 0 < b;; < 1.

4.2. Graph convolution

The index graph structure was constructed in the previous section to model the trend
correlation between different indices. Based on this graph, this section fuses the
characteristics of other indices through the graph convolution operation to integrate
the index trend correlation in the prediction results. The generalized graph convo-
lution definition is shown as follows:

Au = BEL]O’ILX' (16)

Among them, BY is the transpose of the adjacency matrix at time u, calculated by
Algorithm 1. All exponential sample features are extracted by the feature extraction
layer at time u, and the size is N x f. X is an e X o dimensional convolution kernel
parameter, which needs to be dynamically updated during model training. As per the
formal definition of the adjacency matrix, the ith row in matrix At signifies the
impact of index I on the other indices. Similarly, when the matrix At is transposed
and convolved, the ith row of the resulting matrix represents the influence of various
indices o',. Equation (16) represents a convolution operation of the graph, which
incorporates the power of directly connected indices. Still, there is usually an asso-
ciation between the index connected by multiple steps in the chart, and this
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association needs to be realized by multi-step convolution, as follows:
(Au)/l, = QﬁPIIX (17)

Among them, Q, = BY /rowsum(Bf{ ) represents the normalized transposed adja-
cency matrix, and the convolution considers the influence between the indices whose
distance is p steps. To fuse the results of different convolution steps in the final
convolution result, the convolution on a single convolution kernel is defined as the
sum of multi-step convolutions, as follows:

v
(A,)s =Y QUP.X. (18)

q=0

To enhance the convolutional model’s capacity for universality, a multi-convolution
kernel convolution is introduced, which is formulated according to Eq. (18) and
presented as follows:

g P

(Au)out = Z Z QﬁPuXoc (19)

oco=1 pu=0

Among them, 7 is the number of convolution kernels, and X, is the parameter of the
zth convolution kernel. After performing graph convolution on the input feature P,,,
the N x o convolution feature (A, )y is obtained. Compared with P,, this feature
incorporates different exponential trend correlations. After receiving the output of
the convolutional layer, use the fully connected layer to map the convolutional part
(A,)out to the prediction result of each index, as follows:

xit = tanh((AZ)out (jut)~ (20)

Among them, 2/, is the prediction result of index I sample t, (A%, is the ith line of
(A,)out, and without is the output layer parameter of index 1.

5. Experimental Setup

To verify the model’s effectiveness in this paper, the method is simulated using the
historical data of the A-share index. This section first introduces the design of the
experiment, including the selection of data sets and the construction and training
methods of the model, then presents the comparison results with existing processes,
and finally introduces the impact of the number of model training iterations. Stock
predictions may be made in a variety of methods. Fundamental analysis and tech-
nical analysis are the two often employed techniques. Using the expertise of financial
professionals, fundamental analysis is a subjective analytical technique. This ap-
proach is based on broad data, such as the financial and operational health of the
organization. To make predictions and draw conclusions about the stock’s future
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Table 2. Index list.

Index name Index code Index name Index code
The Shanghai Composite Index 1 Securities Central Enterprises 926
A share index 2 Securities Private Enterprises 938
SSE 380 9 Securities State-owned Enterprises 955
SSE 180 10 CSI Upstream 961
SSE 50 16 CSI Midstream 962
CSI 300 300 CSI Downstream 963
Fundamentals 50 925 CSI Energy 928
Basic 200 965 CSI materials 929
Shenzhen Component Index 399001 CSI optional 931
Small and medium plate refers to 399005 Securities Telecom 936
New index 399100 CSI Public 937
SZSE 100 399330 New energy 941
CSI 100 399903 Securities Agriculture 949
CSI 500 399905 Securities Land Enterprise 953
Oversized plate 43 Securities Consumer 806
Shanghai Stock Exchange 44 Zhongzheng Medicine 399933
Shanghai small cap 45 Securities Finance 399934
SSE SME 46 Securities Information 399935
CSI Emerging 964 CSI Coal 399998
Business growth 958 Pension Industry 399812
CSI bonus 922 Well-off index 901

direction, experts rely on this macro information in addition to their knowledge,
wisdom and experience. The primary probability technique, leading indicator
method, cross-probability method and Delphi method are some of the traditional
approaches. The process of extracting potentially useful, fixed and regular stock
prebarium models from a huge quantity of data is known as data mining.

5.1. Experimental design

In this paper, the indexes listed on the Shenzhen Stock Exchange and the Shanghai
Stock Exchange are selected as the prediction objects, and 42 commonly used indexes
are chosen as the experimental data after removing the indexes with a short-listing
time and a lot of missing data, including the central market indexes and industry
indexes. The list of indexes is as shown in Table 2.

The experimental data are 5-minute K-line data from June 2009 to May 2022.
After obtaining the original data, divide the data into samples, calculate the
corresponding labels and then extract quantitative and deep features, respectively.
The experiment uses the K-line data of the past five days as model input to predict
the average rise and fall of the closing price in the next 1 to 4 days, with a total
sample size of 3,108. The samples before 2022 are used for model training and testing
in Secs. 4.2 and 4.3, and the ratio of training and testing is 7:3. The samples from
January to May 2022 are used for the prediction result analysis in Sec. 4.4.
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Use the PyTorch deep learning framework to build the deep learning model de-
scribed in this paper, and then train the model parameters using the Adam method,
which is an optimized version of the stochastic gradient descent technique. Because
the prediction of the rise and fall of the index in this study falls within the category of
regression issues, the loss function that was used throughout the process of training
the model for this paper was a mean absolute error (MAE) and a mean square error
(MSE). The following is an explanation of how each of the two indicators
is calculated:

1 n
OMAE = . Z |z — @il (21)
i=1

1 n
osE = n Z (z; — ;)% (22)
=1
Among them, x; is the predicted result of the sample x;, and 7 is the actual label.
After the model training is completed, use the trained model to calculate the pre-
diction results for the test set; finally, the average prediction error of the statistical
model on the test set.

5.2. Comparison of experimental results of different methods

Currently, the predominant techniques employed for the prediction of stocks and
indices include fully connected neural networks (ANN [8]), cyclic neural networks
(LSTM [12]), convolutional neural networks (3D-CNN [14]), convolution-circular
hybrid neural networks (CNN-LSTM [15], EHTS [16]), graph convolutional neural
networks (GC-CNN [21], AD-GAT [25]) and others. This study aims to validate the
efficacy of the proposed approach by conducting a comparative analysis with the
aforementioned methodologies. In the context of the experimental design, when
manual feature extraction is necessary, the retrieved features encompass a set of 22-
dimensional characteristics, which consist of value, moving average and momentum
features [26]. The artificial neural network (ANN) is composed of two hidden layers,
each consisting of a single neuron that functions as the output. The input layer of the
LSTM consists of 22 neurons, whereas the output of the LSTM unit is connected to a
fully connected layer. Additionally, the LSTM’s output layer comprises a solitary
neuron. The 3D Convolutional Neural Network (3D-CNN) processes a dataset
consisting of 240,542 units of three-dimensional (3D) input and produces an output
of 142 vectors. The CNN-LSTM model utilizes a combination of input elements,
including the Hankel matrix derived via daily factor reconstruction, convolutions
from a CNN and an LSTM module, to produce an output. The employed method-
ology of EHTS involves the utilization of CNNs and long short-term memories to
extract location- and time-specific information. Subsequently, multi-layer neurons
are employed to transform these extracted characteristics into prediction outputs.
The Spearman rank correlation coefficient and gradient descent are employed by
GC-CNN and AD-GAT to compute the correlation weight across indices.

2440006-18



Graphical Deep Learning Prediction Model for Stock Risk Management

1.2

0.8 -
0.6 -
04 mMAE
0.2 - = MSE

B MAE

u MSE
0.8
0.7
0.6
0.5
0.4
0.3

0.2 B MAE

0,% u MSE

(c) Predict the average rise and fall in the next 3 days

0.6
0.5
0.4
03
0.2

0.1 uMAE

0 m MSE

> N & S a 4
OO S ST
v .\g\' < ";Ql QS'; ‘?,Q < <4
& S

(d) Forecast the average rise and fall in the next 4 days

Fig. 3. Prediction results of different methods.
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Additionally, CNN and graph attention networks are utilized to integrate informa-
tion across indices, hence obtaining prediction outcomes.

Four prediction tasks were selected in the experiment, respectively predicting the
average rise and fall of the index in the next 1 to 4 days. For each prediction task, the
model is trained using the two loss functions of formulas (21) and (22), and the
average regression error of the model on the corresponding test set is calculated.
Figure 3 shows the average prediction error of 42 indices, where G-Conv is the
method proposed in this paper, and One-Conv is the result of the way in this paper
after removing the graph convolution.

As can be observed in Fig. 3, the average prediction errors of various approaches
for various prediction tasks vary widely. Among these methods, the four methods of
3D-CNN, GC-CNN, AD-GAT and G-Conv perform noticeably better than other
methods. The following is an explanation of the primary causes for this. When
training and making predictions, ANN, LSTM, CNN-LSTM, EHTS and One-Conv,
along with other approaches, employ historical data from a single index. Since these
methods do not take into account the correlation between indices, their overall
performance is subpar. In contrast, the training of the model in 3D-CNN, GC-CNN,
AD-GAT and G-Conv is accomplished by jointly utilizing historical data from sev-
eral indices. The errors of the many indices are averaged out during training to keep
the overall error rate as low as possible, which allows for the elimination of the need
for a single index. Because overfitting is an issue when training on historical data,
these three techniques perform better than others.

When fusing features from different indices, 3D-CNN only considers the associations
between neighboring indices during model training and does not consider the associa-
tions of a specific index with all other indices. In contrast, GC-CNN, ADGAT and G-
Conv fuse the features of different indices by establishing an inter-exponential graph
structure and connecting the correlation weights between indices through convolution
operations, so these two methods perform better than 3D-Conv. CNN. Comparing GC-
CNN and AD-GAT, the performance of the two methods is close but worse than that of
GConv. The main reasons are as follows. GC-CNN and AD-GAT use index trend
correlation and gradient descent optimization to establish inter-index weights. Both
methods are dynamic methods to generate correlation weights, and the calculated graph
structure will change with the index trend. In the stock market with high randomness,
the graph structure calculated based on historical trend correlation has excellent un-
certainty in predicting future trends, and some indexes will perform very poorly.
However, the G-Conv in this paper uses the inherent constituent stock data of the index
to construct a graph structure, and its graph structure will not change with the trend.
Therefore, this method is more suitable for predicting future index trends.

Table 3 lists our method’s percentage reduction in forecast error compared to
AD-GAT, the current best-performing process, including the average forecast error for
all indices and the forecast error for the best and worst-performing indices. From
Table 3, it can be concluded that the average forecast error is reduced by about 4.65%,
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Fig. 4. Analyses of Shanghai Composite Index forecast results.

and the forecast errors of the best and worst-performing indices are reduced by 5.26%
and 6.12%, respectively. This shows that G-Conv can not only reduce the average
prediction error but also have a better effect on improving the poor performance index.

5.3. Analysis of prediction results

To further analyze the forecasting effects of different methods, Figs. 4 and 5 show the
actual and predicted trends of the Shanghai Composite Index and the CSI Energy
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Fig. 5. Analysis of forecast results of CSI Energy Index.

Index from February to April 2022, respectively. During this period, the Shanghai
Composite Index generally showed a downward trend, while the CSI Energy Index
generally showed an upward trend. Since the results of ANN and LSTM are similar,
AD-GAT is representative and performs best among the convolutional methods, so
this section only gives the prediction results of the three forms of LSTM, AD-GAT

and GConv.

It is apparent from Figs. 4 and 5 that the prediction results of AD-GAT and
G-Conv are relatively smooth; that is, the two types of methods are weak in fitting
short-term fluctuations, but they can predict the overall trend well. The main
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reasons are as follows. The movements of different indexes will have a strong cor-
relation in the short term, and the direction of the index is the result of the joint
influence of the trends of other indexes. Accurate stock market models can give
investors tools for improved data-based decision making. These models can aid
traders in lowering investing risk and choosing the best stocks. Furthermore, using
unconventional data, such as previous stock prices and news, is made possible by the
development of sophisticated models. These retail and institutional investors would
be able to continuously build portfolios with low risk and high return if stock market
behavior predictions were more accurate. It is extremely challenging to make pre-
dictions in the financial markets due to a variety of elements and uncertainties (such
as general economic circumstances, global events, socio-political issues and natural
disasters). This has been a key driver behind the application of artificial intelligence
approaches to create models for stock market forecasting that are more precise. After
performing graph convolution on multiple indices, it can avoid overfitting the model to a
single index, making the forecast curve smoother and reducing the forecast error.
Further analysis of the difference between the forecast results and the original trend
shows that the forecast results of the three methods all have a certain degree of lag, which
shows that the lag problem still needs to be solved in index trend forecasting. But in
contrast, G-Conv’s performance is closer to the actual trend, which shows that the
method proposed in this paper significantly improves prediction hysteresis.

6. Conclusion

In the realm of financial investment, one of the most important concerns is determining
how accurately one can forecast the movement of a stock market index by making use
of previous data. This study offers a method for constructing a graph structure using
index constituent stocks as the basis for graph convolution index prediction. The
objective of this approach is to address the issue of inconsistency that exists between
historical and future dynamic graph structures in the current method of graph con-
volution index prediction. This method first extracts traditional quantitative features
and one-dimensional convolution depth features as a prediction sample feature, then
uses the index constituent stock data to construct a graph structure between the
indexes, and finally uses graph convolution to achieve deep feature fusion, and maps
the convolution results to the index rise and fall. Correlated with the existing
approaches, the approach in this paper can effectively reduce the prediction error.
Although the model proposed in this paper can reduce the forecast error of the
index, there are still some problems to be solved in the forecast of the stock market
index trend. The experimental analysis in this paper shows that the overfitting
phenomenon in the model training process is still a common problem in index trend
prediction. Improving the model’s generalization ability and reducing the impact of
overfitting on the prediction of unknown samples are the key issues that need to be
solved in the future of exponential projection. Future research can reduce the impact
of model overfitting from the following aspects. One is to replace the short-term
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forecast with the long-term trend prediction of the index to reduce the impact of the
short-term fluctuation of the index; the other is to use experimental methods to
artificially generate samples to increase the sample size of the model training; the
third is to use techniques such as confrontation training to optimize the model

training process, to improve the generalization ability of the model.
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