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Abstract. Forecasting stock prices is a challenging problem in finan-
cial markets. Traditional statistical time series models often struggle
to achieve satisfactory results, while deep learning models have shown
promise to provide even better outcomes. These models typically focus
on capturing and exploiting temporal dependencies within the time se-
ries data.

In this study, we propose a novel model that incorporates both temporal
and geometric patterns present in stock price time series data. Firstly, we
employ the visibility graph theory to derive a graph representation of the
stock price time series, enabling us to capture the inherent non-Euclidean
relationships within the data, which is important because it could lead
to a better representation of the observations. Subsequently, we utilize
Graph Neural Networks (GNNs) to analyze and model these relationships
effectively. Finally, we incorporate a Long Short-Term Memory (LSTM)
network enhanced with an attention mechanism to capture the temporal
dependencies.

Through numerical evaluation, our proposed model demonstrates supe-
rior performance compared to state-of-the-art models in the prediction
of stock prices. The integration of a graph-based representation, GNNs,
LSTM, and an attention mechanism enables our model to effectively cap-
ture both the temporal and geometric patterns of the stock price time
series data.

This research contributes to the field of stock price prediction by intro-
ducing a comprehensive model that is able to combine the strengths of
GNNs and the LSTM network to exploit non-linear dependencies and
patterns inside a time series to address the limitations current Recurrent
Neural Networks (RNNs).

Keywords: Dynamic Graph Neural Networks - Time Series prediction
- Visibility Graph.
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1 Introduction

Predicting future values in a time series poses a significant challenge, partic-
ularly in the context of financial time series characterized by their stochastic
behavior. Classical statistical models, such as Vector Auto Regressive (VAR) or
Auto Regressive Integrated Moving Average (ARIMA) [1], encounter difficulties
in effectively addressing the regression task due to the presence of noise and
non-linearity within stock prices. Similarly, financial mathematical models like
the Brownian motion [2] or more generalized diffusion processes [3] struggle to
accurately replicate the market behaviour of financial time series. In contrast,
deep learning models demonstrate promising results by leveraging their ability
to capture and exploit non-linearities within the data. Although classical Recur-
rent Neural Networks (RNNs) [4] excel at identifying temporal patterns within
time series, relying solely on temporal dependencies may prove insufficient for
achieving high predictive accuracy when dealing with financial time series.

We contend that geometric patterns play a crucial role in forecasting problems
related to this type of time series. Specifically, transforming the time series from
a Euclidean space to a non-Euclidean space using a graph-based approach can
aid in capturing and analyzing the inherent complexity of financial time series.
By examining the degree distribution of the graph’s nodes, we can determine
whether the series exhibits periodic, random, or fractal characteristics [5]. This
is particularly relevant in financial time series since fractal series, characterized
by self-similarity and repetition at different scales, are common in stock prices.
Incorporating fractal concepts into financial modeling can result in a more pre-
cise representation of market dynamics [6]. Graph Neural Networks (GNNs)
possess the capacity to capture and model geometric patterns that are inher-
ent in graph data. Like fractals, GNNs can capture local structure information
within a graph by iteratively aggregating information from neighboring nodes.
This recursive process enables GNNs to learn and generalize patterns at vari-
ous scales, thereby effectively capturing the inherent geometric properties of the
graph as fractals do with self-similarity.

To address this challenge, we propose a novel forecasting model that effectively
harnesses both temporal and geometric patterns within a financial time series.
Our contributions are:

(1) the introduction of an architecture that combines GNNs [7] with Long Short-
Term Memory (LSTM) models enhanced with an attention mechanism;

(2) showing the relationship between the Mean Absolute Scale Error (MASE)
[8], which serves as an evaluation metric, and the Efficient Market Hypothesis
(EMH) [9], which postulates the efficiency of financial markets in reflecting
all available information in the stock prices;

(3) an evaluation of our approach on the Standard and Poor 500 (S&P500)
stock exchange dataset, showcasing improved prediction results compared
to benchmark models.

The remainder of this paper is organized as follows: Section 2 reviews statis-
tical time series models and prevalent neural network models employed in the
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stock price prediction literature; Section 3 provides definitions of both static and
dynamic graphs, explores the visibility graph methodology for deriving graphs
from univariate time series, and shows the concepts of the LSTM network and the
attention mechanism; Section 4 details the architecture of our proposed model;
Section 5 compares the performance of our model against the benchmark models
considered; and finally, Section 6 concludes the paper.

2 Related Work

The forecasting problem for time series can be approached using either statis-
tical models or deep learning models. Statistical models, such as ARIMA and
VAR, perform well when the time series is stationary [1,10,11], indicating the
absence of hidden patterns that could alter statistical properties. ARIMA cap-
tures linear dependencies within a time series, while VAR extends this concept
to capture linear interdependencies among multiple time series. In previous stud-
ies, the ARIMA model was employed to predict stock prices on the New York
Stock Exchange (NYSE) and the Nigeria Stock Exchange (NSE) [12], as well
as the National Fifty (NIFTY50) index using a non-seasonal ARIMA model
[13]. The VAR model was proposed for one-step ahead prediction of six different
stock exchanges [14]. In the context of volatility prediction, in [15] a compari-
son was made between ARIMA and the Generalized Autoregressive Conditional
Heteroskedasticity (GARCH) model for various stock indices. However, these
models face challenges in capturing non-linear patterns in financial time series.
On the other hand, deep learning models have shown promise in captur-
ing non-linear patterns in time series [16,17]. In the prediction of stock prices,
comparisons were made among LSTM, RNNs, and Convolutional Neural Net-
works (CNNs) for companies listed on the Stock Exchange of India [18]. LSTM
models were used to predict one-step ahead values of the NIFTY50 index based
on daily ‘Open, Close, High, Low’ prices [19]. To enhance prediction accuracy,
the State Frequency Memory (SFM) model incorporated the Discrete Fourier
Transform (DFT) within LSTM memory cells to capture patterns at different
frequencies [20]. An ensemble of methods including CNNs, Bidirectional LSTM
(BiLSTM), and an attention mechanism was proposed for predicting the next
day’s price of the Shanghai Composite Index (SSE) [21, 22]. Combining different
layers of LSTM with an attention mechanism was suggested to forecast future
values of stock exchange prices for six markets [23]. GNN models were employed
to analyze news and macroeconomic factors associated with companies to im-
prove prediction accuracy [24,25]. Furthermore, an ensemble model combining
BiLSTM and Graph Convolutional Networks (GCNs) was proposed for one-step
ahead prediction of oil prices [26].
Finally, geometric deep learning models are employed to capture geometric pat-
terns when data can be represented in a non-Euclidean space. These models
are typically focused on various domains, including social network analysis, rec-
ommender systems, traffic forecasting, chemistry and biology data, and graph
classification [27]. Such models can be categorized as either static or dynamic, de-
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pending on the behavior of the underlying graph data. In the former case, GCNs
have been introduced for classification problems on citation networks and knowl-
edge graphs [28]. The GraphSAGE (SAmple and aggreGatE) model [29] and the
Graph Attention Network (GAT) [30] have been proposed for the classification
of citation networks and protein-protein interaction datasets. On the other hand,
Dynamic Graph Neural Networks (DGNNs) have been developed to capture the
temporal dynamics and evolving structures in dynamic graph data, such as so-
cial networks, traffic, energy, and electrocardiogram datasets [31]. The Temporal
Graph Convolutional Networks (T-GCN) [32] and the Graph WaveNet (GWN)
model [33] have been specifically designed for traffic forecasting. Additionally,
the Graph Recurrent Neural Networks (GRNNs) [34] have demonstrated their
effectiveness in earthquake epicenter estimation, traffic forecasting, and epidemic
tracking analyses.

However, none of these models have attempted to exploit both the temporal
and geometric patterns present in financial time series data. Additionally, exist-
ing works utilizing GNNs have mainly considered static graphs [26], and have
derived the graph from corporate information [24, 25]. Our proposed model aims
to capture non-linear patterns by dynamically adapting the graph structure of
the data, thereby generating accurate predictions of stock prices.

3 Preliminaries

Network theory. Let G = (V, E) be a graph, where V' = {v1,...,v,} is the
set of nodes, and EF C V x V is the set of edges. The adjacency matrix A of
the associated graph G is an nm X n matrix, whose entries are 1 or 0 indicating
whether nodes u and v are connected by an edge, i.e., A(u,v) =1 if and only if
(u,v) € E.
In this paper, we define a dynamic graph using a snapshot-based representation
[35]. Thus, a dynamic graph is a sequence of static graph snapshots in discrete
time with a set 7 = {t1,t2,...,tr} of T = |T| time steps, i.e., G = {G{}1_,,
where Gy = (V;, E;) with V; CV and E; C E. The sets of nodes and edges can
vary in each graph snapshot.
To derive a graph from a time series, we employ the visibility graph algorithm
[5], which connects data points if there is a clear line of sight between them.
The visibility graph method is based on the idea of representing the values of
a time series as vertical bins. It involves establishing connections between each
bar and the bars that can be seen clearly from the top, without any other bars
obstructing the view. In this approach, each data point becomes a node, and the
edges represent visibility relationships. Given a time series S = {s1, s2,...,s7}
and the set of associated discrete time stamps T = {t1, ta,...,tr}, we define the
following visibility criterion: any two data points (s;,¢;) and (s;, t;) are connected
in the graph if any other data point (s, ;) satisfies the following condition:

tj —ti

Sk<sj+(8j_8i)t'—t" (1)
j i
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The visibility graph algorithm captures the non-linear dependencies and patterns
in the time series data. Moreover, the resulting graph from the time series is
connected, and invariant under affine transformations of the time series data.
The visibility graph method allows for the derivation of either undirected or
directed graphs. In the case of the former, when applying the visibility condition,
all possible combinations of values (s;,t;),i = 1,...,T are considered. For the
directed graph, the visibility condition is applied following the “from left to right”
rule, meaning that the value (s;, ;) is compared with all other values associated
with discrete time stamps greater than ¢;, i.e., V(s;,t;),j =4+1,...,T.

For our analysis, we have chosen the case of the undirected graph. Figure 1
shows an example of how the visibility graph algorithm works on a univariate
time series. The first plot depicts the trajectories of the closing prices. The
middle plot illustrates the visibility condition and the creation of links. The final
plot represents the corresponding undirected graph, which is computed using the
Python package “Time series to visibility graphs” (ts2vg) [36]. Furthermore, this
algorithm preserves several properties of the series in the graph representation.
For instance, a periodic time series is transformed into a regular graph, while a
random time series becomes a random graph.

Time Series Visibility Condition Visibility Graph

4800

4750 4

4700 4

4650 4

4600 1

4550 1

Fig. 1. Visibility graph method on the Standard and Poor’s 500 closing price from
02/12/2021 to 31/12/2021.

Recurrent Neural Networks. Hochreiter and Schmidhuber introduced the
Long Short-Term Memory (LSTM) architecture [37], a specialized type of RNN
that can capture long-term dependencies in a time series and alleviate the van-
ishing gradient problem. Formally, the LSTM model is based on the input gate,
forget gate, output gate, cell state, and hidden state, defined as follows:

iy = Sigmoid(W;x; + U;h;_1 + b;), (2)
f; = Sigmoid(Wyx; + Ushy_1 + by),

o; = SigmoidWox; + Ushy—1 + b,)

c;=f,0ci—1+i © tanh(Wexy + Uchy 1 + b,),

h; = 0; © tanh(c),
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where x; is the vector of input features at time t, ® denotes the Hadamard
(entrywise) product, W;, Wy, W,, W, and U;,Us,U,, U, are weight matrices,
bi,bs, by, b, are bias vectors, and the three gates control the flow of information
in the LSTM architecture.

Attention Mechanism. The attention mechanism dynamically focuses on rel-
evant parts of input sequences [38, 39]. The attention mechanism operates by as-
signing distinct weights to various components of the input, enabling the model
to concentrate on the most pertinent information for extracting essential pat-
terns. This mechanism facilitates the extraction of crucial features by selectively
focusing on relevant input elements, enhancing the model’s performance in cap-
turing important patterns and dependencies. Formally, the attention score can
be defined as follows:

eri = a(o;_1,hy), 3)
ag; = (Softmax(ey.)), ,

T
d; = E agihi,
i=1

where the vector h; is the hidden state, the vector o;_1 is the previous output,
a(-) is an alignment function (typically, the inner product), and d; is the final
attention score. It is important to note that the Softmaz function operates on
a vector input, denoted as e;. in our context, where the index ¢ remains fixed
while the other index varies freely.

Graph Neural Networks. GNNs are deep learning models that learn node
embeddings for graphs. GNNs are based on a message-passing framework, which
allow information to be propagated among nodes in a graph [40, 41]. Following
the notation in [42], we define the [-th layer in the GNN as:

m{),, = MSGU (A, al~Y), (4)
h = AGGD (1, Ju € N(u), hy V),

where hS]l) corresponds to the node v embedding and is initialized with the fea-

ture value of node v, i.e., Y = z,, MSG(-) is the message function, m® is
the message embedding at the [-th layer, N (u) represents the set of neighboring
nodes of node u, and AGG(") is the aggregation function, will be explained later.
The objective of the message function is to facilitate communication and infor-
mation exchange among nodes and their neighbors. One common approach is to
employ a linear function to compute the message. On the other hand, the ag-
gregation function combines the received messages from neighboring nodes into
a unified representation for the receiving nodes. It is crucial for the aggregation
function to be permutation invariant and produce equivalent node representa-
tions. Common examples of aggregation functions include the mean, sum, and
maximum functions. The notation “I-layer” denotes the information originating
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from nodes that are at a distance of [-hops away. This notation captures the
concept of information propagation across multiple layers in a GNN, enabling
the incorporation of increasingly larger neighborhoods into the node represen-
tations. By changing the definition of the message-passing framework, one can
modify the type of GNN model employed.

4 Proposed Framework

Let S = {s1, 2, ...,sr} represent a multivariate time series, where each element
St = [S1.4,S2.t,- - ., SF¢] Is a vector of dimension F', capturing the observations at
time step t. Here, F’ denotes the number of features that describe the multivariate
time series. The objective of this research is to determine a mapping function,
denoted as f, which can predict the future ¢ values s¢11.144 of a univariate target
time series selected from S, denoted with .S. This prediction is based on a graph
associated with the target time series and a feature matrix, both computed at
time ¢. The prediction function can be expressed as follows:

St+l:t+q = f(Gta Xt) 5 (5)

where G denote the graph representation of the univariate target time series S,
which incorporates the past m observations up to time ¢, and the current obser-
vation. Specifically, we represent this set of observations as Sy = {St—m, ..., St},
where S; consists of m + 1 elements. Similarly, the feature matrix X; is con-
structed by arranging the last m + 1 observations coming from each univariate
times series in S in a tabular format, where each row corresponds to a specific
time step and each column represents a distinct feature. Thus, the dimension of
the feature matrix X; is (m + 1) x F, where m + 1 is the number of time steps
and F is the number of features. For notational convenience, we introduce T to
denote m + 1. Thus, the feature matrix X; can be expressed as X; € RT*¥.
For solving this regression problem, we propose a model that combines GNNs
with an LSTM layer enhanced by an attention mechanism. As a baseline model,
we consider the AT-LSTM model proposed in [23]. The AT-LSTM model in-
corporates LSTM layers with an attention mechanism, consisting of two LSTM
layers, followed by an attention mechanism, and another LSTM layer before two
fully connected layers. In addition, we include in the comparison a vanilla GCN
with two layers, followed by a single layer of LSTM, a BiLSTMs model, and the
ARIMA model.

4.1 TA-DGNN: Temporal Attention - Dynamic Graph Neural
Network

The proposed model combines the attention mechanism and the LSTM model
with DGNNs. The architecture of the proposed model is illustrated in Figure
2. We begin by considering the feature matrix X; € RT*¥ and the set of ob-
servations Sy = {St—m,..., st} from the target time series S. Subsequently, we
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Features Matrix Target Time Series Visibility Graph Algorithm
Xt {5£ m}“')st} " Gt
\—vL ¢Ae—l
RRRE, N l X, X-g,A.g l ‘,,"l‘
) GNN Layer
Temporal Spatial
DROPOUT Block Block
\ DROPOUT
o .,
. X
DROPOUT GNN Layer

ATTENTION
DROPOUT
DROPOUT

DROPOUT

Fig. 2. Architecture of the proposed TA-DGNN model.
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construct the undirected graph G; using the visibility graph algorithm from the
set S. This approach ensures that the spatial patterns considered in the graph
construction are solely derived from the target series that we aim to predict,
i.e. S. This graph has the associated symmetric adjacency matrix 4, € RT*T
where each node corresponds to a time observation. As illustrated in Figure 2,
the architecture of our proposed model can be divided into three sections: the
temporal block, the spatial block, and several fully connected layers.

Temporal Block. The temporal block receives the feature matrix X; as input,
which undergoes two layers of LSTM to capture temporal and long-term pat-
terns. The output after these two layers has dimension 7' x F. A dropout layer
is placed between the LSTM layers to prevent overfitting, followed by another
dropout layer before passing the data to the attention layer. The attention layer
assigns different weights to input features based on their importance, enabling
the identification of informative input components. Consequently, the primary
objective of the attention mechanism is to capture and model the relationships
among these features. The output of the attention layer has dimension T x F.
Finally, another LSTM layer, followed by a dropout layer, processes the patterns
identified by the attention layer. The resulting output of the temporal block is
denoted as X} € RT*F,

Spatial Block. The spatial block takes the feature matrix X; and the adjacency
matrix A; as input. Initially, a GNN layer is applied, followed by the hyperbolic
tangent (tanh) activation function and a dropout layer. This GNN layer captures
information from neighboring nodes that are 1-hop away. The output dimension
of this initial three-block is T' x K1, where K is the dimension of the weight
matrix of the GNN layer (i.e., the number of neurons). The same sequence of
layers is then repeated. The second GNN layer captures information from nodes
that are 2-hops away from the original nodes. The output dimension of the second
three-block is T' x K5, where K5 is the dimension of the weight matrix of the
second GNN layer. Before applying a dropout layer, the data are passed through
an LSTM layer to process the spatial patterns identified by the two GNN layers.
The output dimension of the LSTM layer is T x K5, where K3 represents the
number of neurons in the LSTM layer. Finally, a fully connected layer is applied,
resulting in the final output of the spatial block denoted as X2 € RT*F.

Our model allows for the utilization of various types of GNN layers. In
this study, we consider three types: Graph Convolutional Network (GCN) [28],
Chebyshev Spectral Graph Convolution [43], and GraphSAGE Convolutional
Neural Network [29]. Notation-wise, we provide the general definitions without
the time subscript and combine the activation function for simplicity.

For the GCN, each hidden layer is computed as H = o (D’l/zflf)’l/zXW),
where A = A+ 1 € RT*T is the adjacency matrix with self-loops, D = Zj A;j €

RT*T is the degree matrix, X € RT*F ig the input matrix, W € R¥*¥ ig the
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weight matrix, o(-) is the activation function, 7 is the number of nodes in the
graph, F' is the number of features, and K is the output dimension of the layer.
For the Chebyshev Spectral Graph Convolution, each hidden layer is de-

fined as H = o (ZR AG W(”)), where R represents the Chebyshev filter

size, W) is the weight matrix, and Z(") is recursively computed as follows:
ZW = Xx,2? = [ X, 7% = 2Lz _ z(r=2), Here, L denotes the adjusted
Laplacian matrix defined as L= )\ifm — I, where Apq. is the maximum eigen-
value of the Laplacian matrix L.

For the GraphSAGE Convolutional Neural Network, the activation of the i-
th neuron in each hidden layer is defined as H; = o (Wlxq; + Wamean ;¢ N(i)xj),
where W7 and W are the weight matrices, N (i) represents the set of neighbor-
hood nodes of node 1.

Fully Connected Layers. The outputs of the temporal and spatial blocks,
namely X ! and Xt2 , are processed in the final part of the model. First, the two
outputs are summed and concatenated with the feature matrix X, resulting in
an output dimension of 27" x F. Finally, three fully connected layers with 128,
64, and ¢ cells, respectively, are applied. The Rectified Linear Unit (ReLU) ac-
tivation function g(x) = max(x,0) [44] is used in the fully connected layers to
capture the final non-linear patterns.

The model’s final output, denoted as Yt, represents the predicted value of
the target variable for the future ¢ steps.

5 Numerical comparisons

In this section, we provide a detailed account of the model comparison method-
ology employed. Specifically, we begin by discussing the nature of the dataset
utilized for the analysis. Subsequently, we introduce the evaluation metrics em-
ployed for the purpose of comparison. Prior to delving into the presentation of
the model results, we establish the hyperparameters for both the proposed model
and the baseline models.

5.1 Dataset

For our analysis, we focus on the Standard and Poor’s 500 (S&P 500) stock ex-
change. We have chosen to focus on the S&P 500 index due to its high liquidity
and efficiency as a stock market [45,46]. This index encompasses 500 large pub-
licly traded companies from various industries and sectors in the United States
market [47]. Additionally, the S&P 500 holds significant influence in economic
studies and serves as a reflection of the performance of the United States econ-
omy [48]. We collect daily price observations of Close, Open, High, and Low from
Yahoo Finance [49] spanning from Monday 4** January, 2010 to Sunday 4*}
June, 2023, resulting in 3,377 observations.
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Considering Equation (5), we can reframe the regression problem by setting
q equal to 1 and m equal to 20. We chose 20 days as the length of the window
since the average number of trading days in a month is approximately 21 in
the United States financial market. Therefore, our prediction function can be
expressed as:

St+1 = f(GtaXt) ,

where X, € R?9%4 {5 the feature matrix with four features, i.e, Close, Open, High,
and Low prices, and Gy is the graph derived from the closing price considering
the previous 20 observations, i.e., Sy = {st_20, ..., $¢}. Our objective is to predict
the closing price for the next day.

To effectively capture the non-linear patterns within the time series, the neural
network models require a normalized dataset. Thus, we normalize our dataset
using the following method:

Ty — i

— (6)

7 )
O

Tl =

where i € {Close, Open, High, Low}, x¢ is the value of the i-th feature at time
t, ui and o} represent the mean and standard deviation of the corresponding
feature computed using a sliding window of 20 days.
Finally, we split our dataset into training, validation, and test sets according
to the following distribution: 70% for training, 10% for validation, and 20% for
testing. We include a validation set to incorporate an early stopping condition
during the model training phase, set to 20 epochs, to prevent overfitting.

5.2 Evaluation Metrics

In order to compare the results among different models, we have selected several
evaluation metrics, including Mean Square Error (MSE), Root Mean Square
Error (RMSE), Mean Absolute Error (MAE), Mean Absolute Percentage Er-
ror (MAPE), and Mean Absolute Scaled Error (MASE) [8]. These metrics are
defined as follows:

1
1 L2
MSE = 7 ;(yi —9i)”, (7)
1
MAE = 7Z|yi_ﬁgi|7
=1
MASE = MAE

l )
ﬁ 21:2 lyi — yi—1]

where [ denotes the size of one among the training, validation, and test sets, y;
is the true value for the i-th example in the training, validation, or test set, and
7; is the corresponding output of the model.

The last two metrics, MAPE and MASE, are scale-free error metrics. The MASE
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metric compares the actual forecast against a naive forecast where the future one-
step ahead value is equal to the previous value. For all the evaluation metrics,
smaller values indicate better performance of the models in predicting future
values. In the case of the MASE metric, a value lower than 1 suggests that the
model’s forecast outperforms the naive forecast, while a value greater than 1
indicates the opposite.

In our opinion the MASE metric is particularly useful for verifying the valid-
ity of the Efficient Market Hypothesis (EMH) [9, 50]. Indeed, according to the
EMH, it is not possible to consistently predict the future price of a stock, and
the best prediction for the next day’s price is simply the current price (i.e., the
naive forecast). Therefore, if the EMH holds true, the MASE value of the model
should be close to or greater than 1.

5.3 Configurations of the models

In order to train the models using the training set, it is necessary to define
the loss function and set the values of the hyperparameters. We have chosen
the Mean Squared Error (MSE) as the loss function and incorporated the lo
regularization term to prevent overfitting. Additionally, we need to determine
the batch size, number of epochs, optimization method, and learning rate. The
batch size refers to the number of samples given to the model before updating
its parameters, while the number of epochs represents the number of complete
passes through the dataset. The optimization method and learning rate govern
the learning process and its speed. For our study, we have set the batch size to
25, the number of epochs to 500, utilized the Adam optimizer [51], and assigned
a learning rate of 0.0001. Moreover, the dropout rate is set equal to 0.1. These
hyperparameters have been consistently applied across all the models considered
in our study.

As a reminder, our baseline models for comparison encompass the vanilla GCN
augmented with an LSTM layer, the BiLSTM model, the AT-LSTM model,
and the ARIMA model. Specifically, for the former model, we utilize two GCN
layers with 16 and 10 neurons, respectively, followed by an LSTM layer with 100
neurons, which are respectively used also for K7, Ko, and K3 parameters of the
spatial block. The BiLSTM model consists of three layers, each comprising 50
neurons. The AT-LSTM model mirrors the structure of the temporal block shown
in Figure 2, without the inclusion of dropout layers. Lastly, in the ARIMA model,
we set the autoregressive component to 3, the differencing component to 0, and
the moving average component to 2, denoted as ARIMA(3,0,2). The optimal
combination of parameters, i.e., the combination (3,0, 2), for the ARIMA model
have been determined by utilizing the Akaike Information Criterion (AIC) [52]
across various combinations of parameters.
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5.4 Numerical results

Table 1 presents the results of our analysis, specifically showcasing the evaluation
metrics computed on the test set. For all the metrics considered, a smaller value
indicates better model performance.

Table 1. Model performance in terms of MSE, RMSE, MAE, MAPE and MASE for
the test set. The best value for each metric is in bold.

Models MSE RMSE |[MAE |MAPE |MASE
ARIMA(3,0,2) 2269.7678|47.64208(36.0789|0.8886 % [1.0137
GNN+LSTM 4742.4291(68.8653 |55.5719(1.3396 % |1.5624
BiLSTM 9361.4256(96.7545 |78.4831|1.9301 % |2.2066
AT-LSTM 1254.2723(35.4157 |22.3470(0.5547 % [0.6276
TA-DGNN (GCN) 123.4954(11.1128|7.6060|0.1881 %|0.2136
TA-DGNN (ChebConv)|216.5798 [14.7166 [9.5463 |0.2371 % |0.2681
TA-DGNN (SAGE) 127.2517 (11.2806 |7.7775 |0.1925 % [0.2184

Our proposed model, TA-DGNN, outperforms the baseline models across all
metrics. The best performance is observed when utilizing the GCN layers within
the TA-DGNN. Furthermore, it is worth noting the MASE metric. With the
exception of the AT-LSTM model, all baseline models exhibit a value greater
than or equal to 1. This implies that these models are unable to consistently
predict future market prices. Conversely, for the remaining models, the MASE
metric is less than 1, indicating that the future stock values can be predicted
consistently.

In summary, our proposed TA-DGNN model, particularly with the inclusion of
GCN layers, demonstrates superior performance compared to the baseline mod-
els across all metrics. The MASE metric further suggests that the EMH is not
supported when our proposed model is utilized for predicting future stock values.

To highlight the differences in prediction results among the models, Figure
3 presents a plot depicting the model predictions against the true closing prices.
A closer proximity of the line to the true values indicates a better model per-
formance. For clarity, only a limited subset of the closing price values from the
test set is displayed to illustrate the differences in values.

The final analysis we conducted involves our proposed model and the AT-
LSTM baseline model, in the context of an out-of-sample test. We consider only
the AT-LSTM model as a baseline because in the previous analysis it obtained
the best results with respect to the BiLSTM, ARIMA, and GCN baseline mod-
els. Specifically, we aimed to evaluate the performance of our model during a
bearish market situation, characterized by economic restrictions. This analysis
was conducted to assess the robustness of our proposed model. To this end, we
collected daily observations of the S&P500’s Close, Open, High, and Low from
Yahoo Finance [49], spanning from Monday 15* October, 2007 to Tuesday 15
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S&P 500 Closing Price Vs Models Prediction
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Fig. 3. Comparisons among the models’ predictions and the S&P 500 closing price
from 22/03/2023 to 01/06,/2023.

December, 2009, resulting in 547 observations. This period corresponds to the
financial crisis in the United States.

We preprocessed the data as for the previous analysis, and we kept the same
forecasting horizon, i.e., one day. The results of the out-of-sample test are pre-
sented in Table 2, whereas Figure 4 illustrates the comparison between the true
closing prices and the predicted values for a subset of the test set.

Table 2. Model performance in terms of MSE, RMSE, MAE, MAPE and MASE for
the out-of-sample analysis. The best value for each metric is in bold.

Models MSE |RMSE MAE |[MAPE |MASE
AT-LSTM 28.3803(5.3273 |4.2145 [0.4168 % |0.4682
TA-DGNN (GCN) 5.5232|2.3501|1.7421 |0.1715 % |0.1935

TA-DGNN (ChebConv)|7.8564 |2.8029 |1.9653 |0.1949 % |0.2183
TA-DGNN (SAGE) 5.7383 |2.3955 |1.7336|0.1710 %|0.1926

As observed in Table 2, our proposed model continues to outperform the
AT-LSTM baseline model. However, there are differences in performance across
distinct evaluation metrics. For the MSE and RMSE metrics, the TA-DGNN
model with GCN layers achieves the lowest values. On the other hand, the TA-
DGNN model with SAGE layers performs better in terms of MAE, MAPE, and
MASE metrics.
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Out-of-Sample S&P 500 Closing Price Vs Models Prediction
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Fig. 4. Comparisons among the models’ predictions and the S&P 500 closing price
from 19/09/2009 to 27/11/2009.

6 Conclusion

In this research, we propose a model that combines DGNNs with LSTM net-
works enhanced with an attention mechanism. This integrated model, referred to
as TA-DGNN, effectively captures and exploits both the temporal and geometric
patterns present in time series data. We evaluate the performance of TA-DGNN
in predicting the one-step ahead closing price of the S&P 500 stock index, using
the Close, Open, High, and Low prices as features. The evaluation metrics con-
sidered are MSE, RMSE, MAE, MAPE, and MASE. Our results demonstrate
that TA-DGNN outperforms the baseline models in all the evaluation metrics.
Specifically, when considering the GCN layers inside TA-DGNN, we achieve the
best results on the test set with values of 123.4954, 11.1128, 7.6060, 0.1881%, and
0.2136 for MSE, RMSE, MAE, MAPE, and MASE, respectively. To assess the
robustness and stability of TA-DGNN, we also conduct an out-of-sample anal-
ysis. In this analysis, TA-DGNN consistently outperforms the baseline models.
The presence of the GCN layers yields the best results for MSE and RMSE with
values of 5.5232 and 2.3501, respectively, while the presence of the SAGE lay-
ers yields the best results for MAE, MAPE, and MASE with values of 1.7336,
0.1710%, and 0.1926, respectively.

For future research, it is recommended to explore additional features or modify
the existing features to further enhance the prediction performance of the model:
e.g., the number of past observations (m) and the number of future predicted
values (¢) could be further investigated and optimized. Another avenue to con-
sider is incorporating mechanisms to track and update the hidden layers within
DGNNSs, enabling a more efficient capture of temporal and geometric patterns.
Additionally, researchers could investigate the performance of TA-DGNN within
a trading strategy context to assess its effectiveness in practical applications.
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