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ABSTRACT

Multiple financial asset price changes over time can be characterized by their com-
plex nature and the interdependence between them. More traditional forecasting
approaches may overlook the interdependencies among these assets, since they may
not fully consider the spatial-temporal dependencies between them. Graph Neural
Networks (GNNs) have emerged as a powerful tool for modeling complex relational
dependencies across various data types, recently taking more attention for their re-
markable performance in areas such as social network analysis and traffic forecasting.
The high capability of GNNs is mainly due to their permutation-invariance, and local
connectivity. However, their application in asset price prediction remains relatively
unexplored.

Here, we investigate GNNs’ effectiveness in forecasting multiple financial asset
prices jointly, specifically focusing on Foreign Exchange (Forex) and cryptocurrency
markets. We employ two spatio-temporal GNN frameworks: MTGNN and StemGNN
where both are recognized for their state-of-the-art performance in forecasting mul-
tivariate time series. Both models are uniquely capable of transforming time se-
ries data into graphs, and capturing both spatial and temporal dependencies. Both
methods significantly outperform LSTM in predicting financial asset prices, espe-
cially in highly volatile markets such as cryptocurrencies. However, the perfor-
mance difference between these GNN-based multivariate approaches and LSTM is
less obvious for the Forex market which is less volatile than cryptocurrencies. The
ability to model interdependencies between multiple assets both temporally and
spatially is the main reason StemGNN and MTGNN outperform LSTM. Through

a series of experiments and backtesting strategies, we assess the predictive power
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and profitability of these models in portfolio construction. Our code can be found

at https://github.com/seferlab/temporal_gnn.



OZETCE

Coklu finansal varliklarin zaman igindeki fiyat degisimleri, bu varliklarin karmasik
dogalar1 ve birbirlerine bagimliliklar: ile tanimlanabilir. Geleneksel tahmin yaklagimlari,
bu varliklar arasindaki uzaysal-zamansal bagimliliklar1 tam olarak hesaba katmadig:
i¢in, varliklar arasimndaki bu bagimhiliklar: goz ardi edebilir. Cizge Sinir Aglar1 (GNN),
gesitli veri tiirlerindeki karmagik iligskisel bagimliliklart modellemek i¢in giicli bir arag
olarak one ¢ikmig ve son zamanlarda sosyal ag analizi ve trafik tahmini gibi alanlarda
gosterdikleri olaganiistii performanslarla dikkat ¢ekmigtir. GNN’lerin bu yiiksek ka-
pasitesi, ozellikle permutasyona karsi degigmezligi ve yerel baglantilar1 sayesindedir.
Ancak, varlik fiyat tahminindeki uygulamalar1 hala yeterince arastirilmamistir.

Bu galismada, ozellikle Doviz (Forex) ve Kripto Para piyasalarim ele alarak,
¢oklu finansal varlik fiyatlarinin tahmininde GNN’lerin etkinligini incelemekteyiz.
Cok degigkenli zaman serilerinin tahmininde en gelismis performanslariyla bilinen
iki uzaysal-zamansal GNN yapisi olan MTGNN ve StemGNN’i ¢aligtiriyoruz. Her iki
model de zaman serisi verilerini ¢izgeye doniigtiirme ve hem uzaysal hem de zamansal
bagimhliklar1 yakalama konusunda benzersiz yeteneklere sahiptir. Ozellikle Kripto
Para gibi son derece degisken piyasalarda bu iki yontem de finansal varlik fiyati tah-
mininde LSTM’den belirgin gekilde iistiin performans gostermektedir. Bununla bir-
likte, GNN tabanh ¢ok degiskenli yontemler ile LSTM arasindaki performans farki,
Kripto Para piyasasina gore daha az degisken olan Do6viz piyasasi icin daha az be-
lirgindir. Coklu varliklar arasindaki karsilikli bagimliliklart hem zaman hem de uzay
boyutunda modelleyebilme yetenekleri, StemGNN ve MTGNN'nin LSTM’den tistiin
performans gostermesinin ana sebebidir. Burada, bir dizi deney ve geriye doniik

test stratejisi araciligiyla, bu modellerin portfoy olusturmadaki tahmin giiciinii ve
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karhihgini inceliyoruz. Kodlarimiz su adreste yer almaktadir: https://github.com/

seferlab/temporal_gnn.
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CHAPTER 1

INTRODUCTION

The prediction of asset prices, including stocks, through artificial intelligence-based
trading systems has been a subject of study for nearly three decades. In con-
temporary financial markets, the scope of tradeable instruments extends beyond
stocks to include Forex instruments [5], cryptocurrencies [6], options [7], Exchange-
Traded Funds (ETFs) [8], commodities [9], etc. Correspondingly, the role of artificial
intelligence-based trading systems has grown in significance and functionality across
diverse global markets [9)].

Deep learning methods have recently exhibited superior performance in various
classification and prediction tasks compared to more traditional machine learning
models like Support Vector Machines (SVMs). Notably, deep learning excels in im-
age processing tasks such as segmentation and classification, marking a significant
departure from conventional methodologies [10]. A parallel trend has emerged in fi-
nancial asset price prediction tasks. While traditional time-series models like Long
Short-Term Memory (LSTM), Convolutional Neural Networks (CNN), and Recurrent
Neural Networks (RNN) have been employed, the application of these techniques in
financial prediction lags behind their prevalence in other artificial intelligence areas
such as computer vision [11, 12] and Natural Language Processing [13, 14].

Graphs model a set of items as vertices, and the relationship between them as
edges. Graphs have recently attracted more attention due to their significant expres-
sive capabilities. For instance, relationships between humans can be modeled as social
networks [15]. Similarly, the relationship between companies’ trade relationships can

be modeled as a supply chain graph [16]. Graphs are a common non-Euclidean data



structure for machine learning problems. To apply deep learning-based techniques
to nonlinear graph data, Graph Neural Networks (GNNs) have been developed. The
utilization of GNNs in modeling complex data relationships has been showing signifi-
cant promise across distinct domains [17, 18, 19, 20], mainly due to their remarkable
performance. Historically, the application of GNNs in forecasting multivariate time
series has been largely confined to specific domains such as power systems [21] and
traffic forecasting [18]. However, they haven’t been studied extensively in predicting
asset prices in financial markets.

Financial markets are characterized by their dynamic and interdependent nature,
where the price movements of multiple assets can affect each other. For instance, in
the Cryptocurrency market, Bitcoin price has a direct effect on the price of alternative
cryptocurrencies such as Ethereum, Solana, Litecoin, etc [22]. Such dependencies also
exist in the reverse direction; a surge in Ethereum price may cause sudden decreases
in Bitcoin price, especially if the Ethereum price change is due to the movement of
Bitcoin investments into Ethereum. In another example, Forex currencies also affect
each other. For instance, EUR/USD will increase if the European Central Bank
increases the interest rate higher than the United States Central Bank [23]. These
examples present a potential use of GNNs, which are capable of capturing the joint
patterns of multiple different assets price movements.

Here, we focus on the application of GNNs, specifically, MTGNN [3] and StemGNN [4],
in forecasting the prices and price directions of multiple financial assets jointly, par-
ticularly in Foreign Exchange (Forex) and Cryptocurrency markets. The goal is to
evaluate their predictive power in various market conditions, such as bull and bear
markets, and assess their profitability through portfolio construction and backtest-
ing [24]. The outcomes of these methods will be compared with those of baseline
methods, such as LSTM [25], to demonstrate the relative effectiveness of GNNs in

financial forecasting.



In this study, we focus on evaluating and analyzing two commonly used GNNs
to predict asset price over time: MTGNN [3] and StemGNN [4] which are partic-
ularly designed to handle multivariate time-series data. Both GNNs are uniquely
capable of transforming time series data into graphs, and capturing both spatial and
temporal dependencies. Among them, MTGNN will focus on an automated extrac-
tion of unidirectional relationships between financial assets. Their proposed novel
mix-hop propagation and dilated inception layers are important in jointly handling
temporal convolution, graph convolution, and graph learning steps. On the other
hand, StemGNN learns temporal dependencies and inter-series correlations jointly in
the spectral domain. Graph Fourier Transform (GFT) and Discrete Fourier Trans-
form (DFT) layers are combined to model temporal relationships. Once the data
is processed at these layers, predictions are made over the next convolutional and
sequential learning modules.

According to the detailed experiments, the GNN models, particularly MTGNN,
outperformed the remaining methods in terms of both MAPE for price prediction
and in terms of Accuracy, Precision, Recall, and F; score for price direction pre-
diction. While MTGNN’s improvement is statistically significant in both Forex and
Cryptocurrency markets, the improvement has even more pronounced in the highly
volatile Cryptocurrency market compared to the LSTM model. In terms of portfolio-
based backtesting performance, MTGNN has on-par performance with LSTM in the
less volatile Forex market, while generally outperforming the rest of the portfolio
strategies even though they did not consistently result in significantly profitable cases
in simulated trading scenarios. However, LSTM-based portfolio strategy significantly
outperformed all the other models in the high-volatile Cryptocurrency market. Such
portfolio-based results indicate the existence of a complex and nonlinear relation-
ship between forecasting accuracy and financial performance, suggesting that higher

accuracy does not necessarily lead to higher financial returns.



Our main contributions can be summarized as follows:

e We show that GNNs can outperform more conventional deep learning time series
models such as LSTM [26] in predicting financial asset prices due to their ability

to capture complex inter-series relationships in multi-asset data.

e We expand the application of GNNs to the financial forecasting domain, a

domain that is traditionally dominated by more conventional time series models.

e We show that GNNs can be used to learn latent dependencies among multi-
ple assets, even though multi-asset price data does not have an explicit graph

structure.

1.1 Related Work

In recent years, the surge in computational capacity has led to the emergence of newer
deep learning-based approaches in finance. Existing studies, such as [27, 28, 29, 30,
31, 32, 33], have explored deep learning approaches for forecasting stock markets,
leveraging events data, financial time-series datasets, and news integration. Rele-
vant work, such as [32], [33], and [34] incorporate technical analysis indicators into
prediction models, employing feedforward neural networks, CNNs, and transformers
with two-dimensional matrix characterizations of technical analysis datasets. No-
tably, deep learning demonstrates accurate learning and generalization across buy
and sell time points over extended testing horizons in these studies.

Asset price prediction over time via deep learning techniques can be seen as an
emerging topic. Before the emergence of deep learning-based methods, most of the
time-series prediction methods were statistical techniques. The auto-regressive in-
tegrated moving average (ARIMA) [35], gaussian processes (GP) [36], and vector

auto regression (VAR) [37] could be seen as statistical methods to model time-series



data. While ARIMA and GP are quite common in time series prediction mainly be-
cause of their highly interpretable and simple nature, they do not extend robustly to
multivariate time-series data, and they depend strongly on the stationary nature of
time-series data. Similarly, although VAR is extensively used for its ability to model
the interdependencies among multiple time series, it is inherently linear and may not
effectively capture the complex, nonlinear dynamics often present in financial time
series.

Deep learning methods can capture the nonlinear nature of the data as well as
not rely on the stationarity of the data. The existing time-series deep learning tech-
niques could be divided into 2 parts: 1-Univariate price prediction where univariate
methods analyze each asset’s time-series dataset individually without taking into
account the dependencies among multiple different assets data [38]. For instance,
FC-LSTM [39] predicts the future value of a univariate time series with LSTM and
fully connected layers. On the other hand, SMF [40] enhances the LSTM model by
partitioning the cell states of a given series into a collection of distinct frequency
parts via the Discrete Fourier Transform. Lastly, N-BEATS [41] comes up with a
deep learning system for the basis expansion of univariate time-series data via mul-
tiple fully connected layers. 2- Multivariate price prediction which treats a set of
multiple time series as a joint entity [42, 43, 44]. For instance, TCN [45] applies
dilated convolutions to model high-dimensional time-series data. LSTNet [46] inte-
grates both recurrent neural network (RNN) and convolution neural network (CNN)
to infer local dependencies between multiple time-series datasets. CNNs summarize
the interactions between multiple variables into a global latent state, so they won’t
be able to exploit the hidden dependencies among variable pairs.

Graph neural networks (GNNs) are quite successful in modeling spatial correla-
tions between network vertices. GNNs are effective at various types of problems such

as graph classification, vertex clustering, edge inference, and vertex classification.



GNNS5 assume a node state is dependent on its neighbor states. Different GNN types
have been proposed to model such spatial dependency [47, 48, 49]. GNNs learn a ver-
tex’s high-level embedding by combining the knowledge from the vertex’s neighbors.
Recently, spatiotemporal graph neural networks have been proposed in which input
is a multivariate time series dataset with a dependency graph describing the relation-
ships between multiple variables in multivariate time series. In these spatiotemporal
GNNs, temporal dependencies between historical points are modeled by RNN [50, 51]
or CNN [52, 53], whereas spatial dependencies between vertices are modeled by graph
convolution.

Among the existing spatiotemporal GNNs; DCRNN [51] integrates spatial and
temporal relations in the convolutional recurrent neural network to predict traffic.
ST-GCN [54] integrates gated temporal convolution and graph convolution via spatio-
temporal convolutional blocks. GraphWaveNet [55] captures spatiotemporal rela-
tionships by combining graph convolution with dilated casual convolutions. Among
more recent methods, StemGNN [4] captures multivariate and temporal relationships
jointly in the spectral domain. On the other hand, MTGNN [3] utilizes a graph learn-
ing module to infer unidirectional correlations between variables. To model temporal
and spatial dependencies, it has novel dilated inception and mix-hop propagation

layers.



CHAPTER 11

MULTIVARIATE TIME SERIES FORECASTING

Multivariate time series forecasting involves predicting future values of multiple time-
dependent variables. The subsequent sections will delve into neural network-based

methods for tackling this problem.

2.1 Long Short-Term Memory (LSTM)

LSTM networks are a special kind of Recurrent Neural Network (RNN), specifically
designed to address the shortcomings of traditional RNNs. RNNs are inherently
suited for sequential data processing, and are widely chosen for tasks like time series
analysis, speech recognition, and language modeling. However, they are limited by
the vanishing/exploding gradient problem.

During the training of traditional RNNs, gradients are propagated back through
each time step of the input sequence. This problem arises because, as the sequence
length increases, these gradients tend to either vanish (become very small) or explode
(become very large), making it challenging to learn long-term dependencies [56].

To overcome this challenge, LSTMs were introduced [57]. The proposed architec-
ture was a unique arrangement of gates and a cell state, which allowed the network
to effectively retain information over long sequences, thereby mitigating the vanish-
ing/exploding gradient issue. These gates can learn which data in a sequence is
important to remember and which to discard. They enable the network to make

better predictions based on long-term dependencies.



2.1.1 Architecture of LSTM

LSTMs tackle the vanishing/exploding gradient problem through a specialized struc-
ture comprising input gates, forget gates, output gates, and a cell state, as shown in
Figure 1. This structure enables the effective capture of long-term dependencies in

data.

Figure 1: Structure of a Basic LSTM Cell (Adapted from Goodfellow et al. [1])

The LSTM cell comprises:

e Cell State (C}): Acts as the network’s memory, carrying relevant information

across the sequence.

e Input Gate (i;): Decides the extent of new information to be added to the

cell state.

e Forget Gate (f;): Determines the information to be removed from the cell

state.

e Output Gate (0;): Controls the output based on the cell state.



The operations within an LSTM cell are governed by the following equations,
where o denotes the sigmoid function, and W and b represent the weights and biases,

respectively:

ip = o(W; - [hy_1, 2] + b;) (1)
fo= oWy - [hey, ] + by) (2)
0= o (Wo - [hur, ] + bo) (3)
Cy = fi- Cooy + iy - tanh (W, - [he_y, 7] + be) (4)

In these equations, W;, Wy, W,, and W, are weight matrices, while b;, by, b,, and
b. are bias vectors. The input gate (i;) and forget gate (f;) use the sigmoid function
to regulate the flow of information.

LSTMs process data in a sequential manner. At each time step ¢, their cell
state (C}) is updated based on the current input (z;) and the previous state (C;_1),
modulated by the input and forget gates. The output gate (o;) then determines the
final output of the cell based on the updated cell state.

One of the most significant advantages of LSTM networks is their ability to capture
long-term dependencies. Thanks to the forget gate, LSTMs can selectively maintain
or erase information.

Overall, the architecture of LSTMs provides a robust framework for processing
sequential data, by mitigating the problem of vanishing/exploding gradients and en-

abling the capture of long-term dependencies in data.
2.1.2 LSTMs in Time Series Forecasting

LSTM networks have gained significant traction in time series forecasting due to
their ability to model complex temporal dependencies. They can learn and remember
temporal information over extended sequences. They excel at learning and retaining

information over long sequences, distinguishing them from traditional models like



ARIMA or GARCH, which may struggle with non-linear relationships and long-term
context.

While LSTMs can be effective in univariate time series forecasting, multivariate
forecasting can involve complex relationships between different time-dependent vari-
ables. LSTMs can process multiple input variables. However, their standard form
struggles with modeling inter-series dependencies, which can be a critical aspect in
complex scenarios like financial forecasting.

Furthermore, hybrid models combining LSTMs with other techniques such as
attention mechanisms [58] or convolutional layers [59] have been explored. These
approaches aim to enhance the LSTM’s ability to handle complex interrelationships in
multivariate time series, offering a promising direction for improving forecast accuracy
in challenging domains.

In summary, LSTMs are a widely preferred powerful tool for time series fore-
casting. However, their limited capability in modeling inter-series dependencies in
complex scenarios like financial forecasting necessitates further research and develop-

ment of advanced hybrid models and alternative methods.

2.2 Graph Neural Networks (GNNs)

Real-world data is often naturally represented as graphs. Social networks, recommen-
dation systems, and biological networks are just a few examples of domains where data
inherently exhibits graph structures. Graph data is inherently non-Euclidean and ex-
hibits unique characteristics that distinguish it from traditional Euclidean spaces,
such as the 2D or 3D Cartesian coordinate systems commonly used to represent data.
In Euclidean spaces, properties like distance, angles, and geometric relationships are
well-defined. However, graphs deviate from these familiar concepts. They intro-

duce complexities, including variations in the number of neighbors for each node, the
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presence of different edge types, and often sparse connectivity patterns. These char-
acteristics make it challenging to directly apply conventional neural networks like
Convolutional Neural Networks (CNNs) or Recurrent Neural Networks (RNNs) to
graph-structured data, since such neural networks are ill-equipped to directly capture
the relationships and dependencies among nodes in a graph. This led to attempts at
extending and generalizing traditional neural networks to handle graphs [60, 61].

GNNs [2] address these challenges by operating directly on the graph, utilizing
its connectivity structure and node features to learn a representation of the data.
This capability has driven a surge in the application of GNNs across diverse fields,
including social network analysis and protein-protein interaction modeling [62]. Since
their inception, GNNs have evolved significantly into many different forms. They en-
compass various architectures that utilize different techniques in neural networks,
namely, recurrent GNNs, convolutional GNNs, graph autoencoders, and spatial-
temporal GNNs, as categorized in [63].

Next, we will delve into the basic functioning of GNNs in their first proposed
version [2], which we will refer to as the vanilla GNN. Then, we will extend to cover
specialized GNN architectures such as MTGNN [3] and StemGNN [4], both of which

are subjects of our financial analysis.
2.2.1 Vanilla GNN

The vanilla GNN is designed to capture the state embeddings of nodes, representing
the information of a node’s local neighborhood in a graph. The learning process for

these embeddings is structured as follows:

o Initialization: Each node is initialized with a state derived from its features.

e State Update: The state of a node is iteratively updated through a local transi-
tion function fy, which incorporates the node’s features as well as the features

and states of its adjacent nodes. This function fy is consistent across all nodes.

11



e Output Computation: After many iterations, which allow the node states to
converge, an output function g is applied to the state of each node to generate
an output value. This value is then utilized for various downstream tasks, such

as node classification or regression.

e Training: The model is trained by adjusting the parameters of fy and g to
minimize the loss function. For supervised learning tasks, an example loss
function is typically a sum of the squared differences between the predicted and

target values for each node, as shown below:

p

Loss = Z(t@ —0;)? (5)

i=1

In Equation 5, p represents the number of nodes that have supervised target
information. For each node i, t; denotes the target value, which could be continuous
in regression tasks. The term o; represents the output of the GNN for node i, as

computed by the output function g.

Figure 2: The state of node 1 is updated based on its own features and the aggregated
features of its neighbors. (Adapted from Scarselli et al. [2])

Figure 2 depicts node 1 and its neighborhood. The shaded area represents the

aggregation process where the information from neighboring nodes and the edges

12



connecting to node 1 are considered to update its state. Here, node 1’s state is
updated by passing the features of the node, along with those of its adjacent nodes
and edges, into fy .

The vanilla GNN model is a foundational approach that paved the way for more
complex GNN architectures. It provides a structured way to learn how to encode
graph topology into state embeddings of nodes, which can then be used for various
predictive and classification tasks.

Although it excels at handling relational dependencies, it is designed to work with
a well-defined graph structure, making it less suitable for scenarios where the graph
structure is unknown beforehand, like in the case of multivariate time series data. This
problem led to the development of GNN frameworks that can learn graphs from latent

relationships between individual time series such as MTGNN [3] and StemGNN [4].
2.2.2 MTGNN

MTGNN (Multivariate Time Series Forecasting with Graph Neural Networks) is a
deep learning framework specifically designed to forecast multivariate time series
without predefined graph structures [3]. It treats individual time series as nodes
within a graph, interconnected by edges that represent the hidden dependencies and
interactions between the series. This approach allows MTGNN to learn the graph
structure directly from the data, by uncovering latent relationships.

The MTGNN architecture integrates learning of the graph structure with training
of the graph neural network in an end-to-end fashion, ensuring that the graph it
constructs is optimized for the prediction task at hand.

As depicted in Figure 3, MTGNN comprises three core components: graph learn-
ing layer, graph convolution (GC) modules, and temporal convolution (TC) modules.

Initially, the graph learning layer initializes random node embeddings and learn-

able model parameters. The TC and GC modules, interleaved within the architecture,
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Figure 3: Simplified MTGNN Workflow (Adapted from Wu et al. [3])

incorporate residual and skip connections to prevent the vanishing gradient problem.
Throughout each epoch, these modules process the node embeddings, thereby cap-
turing temporal and spatial dependencies. Subsequently, the model calculates the
stochastic gradient from the loss, which is then used to update both the model pa-
rameters and the node embeddings.

The graph learning layer constructs an adjacency matrix to capture the complex
relationships within the multivariate time series data. It updates this matrix using
the node embeddings across epochs. One challenge is that as the number of time
series increases, the computational cost for calculating similarities between pairs of
nodes rises quadratically. To mitigate this problem, the layer samples the top-k
closest nodes as neighbors for each node, thereby sparsifying the adjacency matrix.
Moreover, this layer learns unidirectional relationships within the multivariate time
series data, acknowledging that influences among series can be asymmetric. In the
adjacency matrix A it constructs, for any positive entry A,;, indicating an influence
from series 4 to series j, the corresponding entry Aj; is set to zero.

The graph convolution modules exploit spatial dependencies encapsulated in the
graph structure using two novel mix-hop propagation layers. Mix-hop propagation
enables the learning about neighbors at different hops through the employment of
higher-order message passing, which allows for longer-range interactions [64]. How-
ever, aggregating neighborhood information on different degrees of nodes can poten-

tially introduce noise. MTGNN’s novelty in mix-hop propagation lies in maintaining
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the original states of the nodes. In turn, this approach helps preserve local informa-
tion as the nodes learn from a deep neighborhood. For this, the layers employ two
steps: (1) recursively propagating node information throughout the graph to capture
a deep neighborhood, and (2) selectively filtering the gathered information at each
hop to prevent the propagation of noise and mitigate the over-smoothing that often
accompanies an increase in the number of hops.

The temporal convolution modules capture temporal dependencies by employing
a series of modified 1D convolutional filters. These modules consist of two dilated
inception layers, which incorporate dilated convolutions to extend the range of tem-
poral patterns the model can capture without increasing its depth or the size of its
filters. Here, choosing an appropriate kernel size poses a challenge; larger kernels
might miss subtle short-term patterns, whereas smaller ones might not adequately
capture longer-term sequences. MTGNN addresses this dilemma through an incep-
tion strategy, which involves concatenating the outputs from a diverse array of kernel
sizes. Specifically, it utilizes filters of sizes 1 x 2, 1 x 3, 1 x 6, and 1 x 7, a config-
uration to support a range of periodicities characteristic of temporal data—such as
weekly and monthly cycles—are effectively represented. By adopting this approach,
MTGNN aims to balance granularity with the ability to recognize and integrate long-
term temporal sequences, thus enhancing its forecasting capabilities for complex time
series data. This end-to-end process iteratively refines the model, culminating in the

generation of forecasting results.
2.2.3 StemGNN

StemGNN (Spectral Temporal Graph Neural Network) presents a different approach
to multivariate time series forecasting [4]. This approach, akin to MTGNN, simulta-

neously captures intra-series temporal correlations and inter-series relationships, yet
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does not rely on predefined graph topologies. Diverging from MTGNN and simi-
lar models, StemGNN operates within the spectral domain. It utilizes the Graph
Fourier Transform (GFT) to learn inter-series correlations and the Discrete Fourier
Transform (DFT) to learn temporal dependencies, integrating these processes into a
unified end-to-end framework. This spectral domain focus offers enhanced clarity in

the spectral representations of data.
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Figure 4: Overview of StemGNN Architecture (Adapted from Cao et al. [4])
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Figure 4 illustrates the StemGNN process, starting with the input of multivariate
time series data, X. StemGNN converts this input into a graph, learns relationships
from this graph, and generates forecasts.

The initial step involves the Latent Correlation Layer, whose task is uncovering
the underlying relationships among time series variables. This layer treats each time
series as a distinct graph node and seeks to learn the edges that represent the inter-
dependencies between them. While such edges can sometimes be predefined based
on domain knowledge, StemGNN provides a way to learn these relationships directly
from the data. It utilizes a Gated Recurrent Unit (GRU) to capture temporal features
at each timestamp ¢, and then employs a self-attention mechanism over the GRU’s
final hidden state to capture the latent correlations between node pairs. The output

is a weight matrix that serves as the adjacency matrix, encapsulating the strength of
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connections in the resultant graph. The resulting graph, G, is then processed through
two successive StemGNN blocks, interconnected by skip connections to allow building
deeper models.

StemGNN blocks aim to model the spatial and temporal dependencies. Each of
them begins with the application of GFT to convert the graph into a spectral matrix
representation. Following this, the Spectral Sequential (Spe-Seq) Cell employs DFT
for temporal dependency analysis, transforming time-domain signals into the fre-
quency domain. Subsequently, the combination of 1D convolution and Gated Linear
Units (GLU) facilitates learning temporal feature representations in the frequency
domain. These are then reconverted into the time domain using the Inverse DFT
(IDFT). The Spectral Graph Convolution (GConv) in each block captures spatial
dependencies through graph convolution filtering of the spectral representation, fol-
lowed by the Inverse GFT (IGFT) to revert to the time series representation in the
original space.

The network’s output layer consists of GLU and fully connected sub-layers, pro-
ducing two output types: forecasting outputs, Y, for predicting future values, and
backcasting outputs, X, for reconstructing past values. The final loss function of the
network is derived from the combined losses of these outputs. Overall, StemGNN'’s ar-
chitecture offers a comprehensive method for jointly addressing spatial and temporal

dependencies in multivariate time series within the spectral domain.
2.2.4 GNNs for Multivariate Time Series Data

For multivariate time series data, GNNs emerge as powerful forecasting tools, partic-
ularly well-suited for intricate and interdependent domains such as financial markets.
Their strength lies in their ability to construct representations for each individual
time series that go beyond merely encoding historical values, as they effectively cap-

ture both spatial and temporal dependencies. For example, in financial forecasting,
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GNNs can adeptly capture how changes in one asset’s performance relate to changes
in others.

In essence, the unique structural characteristics and capabilities of GNNs position
them as highly effective tools for forecasting in complex and interconnected domains
like financial markets. They offer insights and forecasting accuracy that may not be

attainable with traditional time series models alone.
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CHAPTER II1

EXPERIMENTAL SETUP

3.1 Dataset Description and Preparation

The study utilizes two distinct datasets to evaluate the efficacy of GNNs in varying
market conditions: Cryptocurrency and Foreign Exchange (Forex) datasets. We ob-
tained the price time series of both datasets by using the yfinance library [65]. The
Cryptocurrency dataset comprises daily closing prices from October 2016 to October
2022 for 20 assets selected from the 50 highest market capitalization cryptocurrencies,
based on data availability. This dataset includes FIL-USD, ETH-USD, BTC-USD,
and 17 other assets. The Forex dataset includes daily closing prices from May 2006
to October 2023 for 10 major currency pairs. The selected Forex pairs are: AUD-
USD, TRY-USD, EUR-USD, and 7 other pairs. For both datasets, included assets are
shown in Table 1. Compared to cryptocurrencies, the Forex market is characterized

by relatively lower volatility.

Table 1: Crytocurrency and Forex assets used in our experiments.

Asset Type Used Assets

FIL-USD, MKR-USD, USDT-USD, TRX-USD,
ETH-USD, XMR-USD, EOS-USD, XTZ-USD, ETC-USD,

Cryptocurrencies MIOTA-USD, XRP-USD, ADA-USD, XLM-USD,
DOGE-USD, MANA-USD, LINK-USD, BCH-USD,
BNB-USD, BTC-USD, LTC-USD

AUD-USD, TRY-USD, RUB-USD, INR-USD, EUR-USD,
GBP-USD, CHF-USD, CAD-USD, CNY-USD, JPY-USD

Forex

Augmented Dickey-Fuller (ADF) tests [66] applied to both datasets indicated non-

stationarity in the raw price data. To address this, we transformed both price datasets
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into return ratios RR;, calculated by using the following formula:

By

RRt - Pt_h

(6)
where P; represents the price at time ¢, and h denotes the horizon. For the Forex
market, the horizon is set to 5 days to align with its weekday-only trading, while for
cryptocurrencies, a 7-day horizon is used, reflecting their trading on every day. This
transformation aims to stabilize the mean and variance, rendering the series more
suitable for predictive modeling. Unlike the conventional return calculation, which
often includes subtracting 1 from the ratio, this study employs a direct ratio approach.
The decision to omit the traditional subtraction of 1 was based on empirical observa-
tions where models trained on the unadjusted data (return ratio) outperformed those
trained on the adjusted data (conventional returns). Following this transformation,
the return ratios of the assets’ close prices were merged into multivariate data. It
is important to note that some assets, such as FIL-USD or MKR-USD, have less
historical data compared to others like ETC-USD or BTC-USD. To handle this dis-
crepancy, the unavailable prices were backfilled. We acknowledge that this decision
to backfill may introduce potential biases into the dataset. However, discarding the
initial days with missing data would reduce the dataset’s size, thereby limiting the
learning potential of the models due to fewer samples. Therefore, we opted for a
simple backfilling approach to impute the missing data.

In terms of a deep learning baseline, we used Long Short-Term Memory (LSTM)
which serves as the baseline model in this study. To enable the models for optimal
performance, hyperparameter optimization was performed using the Hyperopt [67]
library in Python.

For the purpose of price prediction, we applied a sliding window approach to form
the input variable. Each window comprised a sequence of prices [P,_si1, Pi—st2, - .., P,
which was used to forecast the target price P, where s is a hyperparameter repre-

senting the sequence length.
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3.2 Performance FEvaluation

We assess and compare the performance of StemGNN, MTGNN, and LSTM baseline
via traditional machine learning metrics and financial metrics. In terms of traditional
metrics, we use Accuracy, Precision, Recall, and F; score to evaluate direction-based

decisions such as buy, sell, and hold. These metrics are defined below:

c
- TPh
Accuracy = 2oy (7)
>iei (TP, + TN, + FP, + FN;)
i=1
Precision :Zizl(PI‘eCiSiODi X Support; ) )

Ziczl Support,

Recall :Zi=1<RecaHi X Support,)

2?:1 Support;
Zf:l (F; Score; x Support,)
Ziczl Support;

(10)

F; Score =

where C' represents the total number of classes, which is 3 in our case for buy,
hold, and sell. For each class 7, the terms TP;, TN;, FP;, and FN; denote the counts
of true positives, true negatives, false positives, and false negatives, respectively. The
term Support; indicates the size of class i. The precision, recall, and F; score for each

class i are calculated as:

Precisi Th (11)
ecision; = —————
recision; TP 1 FP
TP,
I = ——— 12
Recall; TP 1 FN, (12)

2 x Precision; x Recall; (13)

Fy Score; = —
! Precision; + Recall;

We evaluate the price prediction performance by Mean Absolute Percentage Er-

ror (MAPE), Mean Absolute Error (MAE), and Root Mean Square Error (RMSE)
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which are defined as follows:

A — Fy|
MAPE = 14
Z AL (14
MAE :EZ|A,5 — F| (15)
t=1
1 n
RMSE =,| ~ ;(At —F)? (16)

where A; represents the actual value and F} is our forecast.
Lastly, by comparing their error measures across ten different training sessions,
we calculated p-values to evaluate the statistical significance of the models’ prediction

performance.
3.2.1 Portfolio Metrics

In addition to the traditional machine learning metrics, we evaluate the financial
performance of the models. The backtesting training protocol, depicted in Figure 5,
starts with a hyperparameter search step where all available time series data, exclud-
ing the final 104 weeks is used. This data is partitioned into a training set comprising
75% and a validation set forming the remaining 25%. This step selects a hyperpa-
rameter set that gives the lowest loss on the validation set. Subsequently, the model
undergoes retraining on progressively diminishing subsets of the trailing data. In each
iteration, the model is trained on the available data and then employed to predict
the forthcoming week’s return ratios. This approach emulates a rolling window that
moves forward one week at a time, where each week the amount of data excluded
from the end of the series diminishes by one week, until all 104 weeks are consumed.

An equally weighted long-short portfolio was constructed based on the models’
predictions to simulate real-world trading scenarios. We assume that we start with
$100 cash at the beginning and the trading commission is assumed to be 0.5% per

transaction since we are trading only liquid Forex and Cryptocurrency names. We
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FOR h =1 TO MaxEval:

\i Try Next Hyperparameter Set

Training Validation 104 Weeks
Search Hyperparameters 75% 25% (Excluded)
T >
: Training Validation 104 Weeks
Predict Week 1
: 75% 25% (Excluded)
I
A
: Training Validation 103 Weeks
Predict Week 2 75% 25% (Excluded)
. Training Validation 102 Weeks
Predict Week 3 75% 25% (Excluded)

Figure 5: Data Partitioning During Backtesting

evaluate the portfolio performance using the Annualized Return, Annualized Volatil-
ity, Sharpe Ratio (SR), and Max Drawdown (M D). Let P; denote the vector of the
last closing prices of the assets for the i-th week (e.g., Friday for the Forex market,
Sunday for the Cryptocurrency market), w; represent the equal weight of the j-th
asset, /N be the number of invested assets, 2 be the covariance matrix of asset returns,
R be the sample mean of weekly returns, and r ¢ be the risk-free rate corresponding to
the three-month U.S. Treasury Bill rates during the trading period [68]. The portfolio

metrics are defined as follows:

Weekly Return (R;) = P]:il -1 (17)

Asset Weight (w;) = % (18)
Annualized Return (AR) = w’ R x 52 (19)
Annualized Volatility (AV') = VuTSw x 52 (20)
Sharpe Ratio (SR) = A}Z—‘_/Tf (21)
Maximum Drawdown (M D) = LowestgziZi/ZZZkValue (22)
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Each model’s predictions were utilized to construct a long-short portfolio. This
portfolio was rebalanced weekly for 104 weeks, based on the model’s latest predictions.
For a given asset, a long position was initiated only when the model projected an
increase in its price. Conversely, a short position was taken in anticipation of a price
decline as predicted by the model. In instances where the model did not forecast a
definitive increase or decrease, the portfolio’s position in that asset was liquidated,

and the investment was reverted to cash. See Figure 6 for the overview of this process.

FOR week =1 TO 104 |

Weekly Multivariate
Time Series Data

Y Y Y

| LSTM MTGNN StemGNN

MTGNN StemGNN
LSTM Prediction Prediction Pred|ct|on

\

Weekly Portfolio Construction / Rebalancing

Figure 6: Overview of the Weekly Model Portfolio Rebalancing Process

In addition to these model-specific portfolios in Figure 6, two baseline portfolios
were created for comparative statistical analysis: 1- A random long-only portfolio,
which was rebalanced weekly with randomly selected assets; and 2- an " All-asset
Equal Portfolio”, which involve equal investment across all assets and had the advan-
tage of incurring no transaction costs since there is no rebalancing.

To evaluate the statistical significance of results, throughout the 104-week simu-
lation, we compared the profits of all portfolios weekly. Subsequently, p-values were

calculated for all possible portfolio pair combinations, such as Random vs MTGNN,
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Random vs StemGNN, StemGNN vs LSTM, etc. to assess the statistical significance.

3.3 Computational Performance

We evaluated the computational performance of MTGNN, StemGNN, and LSTM
to assess their suitability for deployment. The training times of models can vary
based on the used hyperparameter sets. To account for these variations in training
times, our comparative analysis was conducted during the hyperparameter optimiza-
tion phase. Subsequently, we measured the running times for searching 100 different
hyperparameter sets using Hyperopt. Each model was trained for 30 epochs, notably,
training was halted before convergence at epoch 30, resulting in the hyperparameter
search that identifies the most promising configurations in the early training stages.
In the weekly simulations, we employed these selected hyperparameters for train-
ing beyond the initial 30 epochs, continuing until convergence, guided by an early

stopping approach. The experiments were conducted on Google Colab [69], utilizing

Nvidia A100 40 GB GPUs.
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CHAPTER IV

RESULTS AND DISCUSSION

4.1 Comparison via Traditional Metrics

Tables 3-4 present the performance of methods on the testing set using MAPE, MAE,
and RMSE. The mean and standard deviation are calculated by averaging over 10
iterations.

Table 2: The breakdown of MAPE, MAE, and RMSE results (Mean + Standard
Deviation) for return ratio prediction, calculated over 10 iterations. Bold values
represent the methods with the best performance.

Table 3: Forex

Model MAPE (%) MAE RMSE

LSTM 1.707 £0.173 | 0.017 £0.002 | 0.154 & 0.0004
MTGNN | 1.309 £0.111 | 0.013 £ 0.001 | 0.021 = 0.002
StemGNN | 1.850 £0.165 | 0.021 £ 0.002 | 0.223 % 0.001

Table 4: Cryptocurrency

Model MAPE (%) MAE RMSE

LSTM 10.082 £ 0.250 | 0.104 +0.002 | 0.153 & 0.002
MTGNN | 6.174 & 0.187 | 0.061 + 0.002 | 0.084 + 0.002
StemGNN | 8.050 = 0.224 | 0.076 +0.002 | 0.108 & 0.003

Even though GNN approaches MTGNN and StemGNN outperform LSTM sig-
nificantly for more volatile Cryptocurrency price prediction, LSTM performs slightly
better than StemGNN in less volatile Forex market. Out of all models, MTGNN per-
forms significantly best in both markets. However, as discussed in the later sections,
the order of models’ prediction errors does not directly translate into their financial
profitability, which suggests that different models may have captured more profitable

opportunities despite their overall higher errors relative to each other.
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4.2 Dairection-Based Prediction Fvaluation

We also evaluate the methods’ performance in terms of their ability to predict the
direction of price movements. While classifying the price change into ”Buy”, "Hold”,
and ”Sell” categories, a "Hold” is considered when the price change in either direction
remains within 1%. Otherwise, if the price rises by more than 1%, it is labeled as
"Buy”; if the price decreases by more than 1%, it receives a ”Sell” label. Tables 5-
6 present the general and category-specific direction-based classification metrics for
Forex forecasts, respectively. According to Table 5, StemGNN outperforms the re-
maining methods for all classification metrics, which was quite different than price
prediction performance results in terms of MAPE. Each of the three methods exhibits
difficulties with "Buy” and especially ”Sell” decisions, while having strong ”Hold” val-
ues. MTGNN’s precision on ”Buy” decisions is remarkably better than that of the
other models, thereby allowing it to identify more opportunities to enter the market.

Table 5: Classification performance of models for Forex data. Bold values represent
the methods with the best performance.

Model Accuracy (%) | Precision (%) | Recall (%) | F; (%)
LSTM D7.28 83.15 o7.28 67.29
MTGNN 54.95 63.59 54.95 58.57
StemGNN 62.14 87.79 62.14 71.67

Table 6: The breakdown of Forex Buy/Hold /Sell Decision Metrics respectively. Bold
values represent the methods with the best performance.

Model Precision (%) Recall (%) F, (%)
LSTM 4.76/90.44/1.24 23.41/61.12/5.13 7.91/72.95/2.00
MTGNN | 23.81/78.06/8.07 | 28.06/64.42/21.31 25.76/70.59/11.71
StemGNN | 6.93/95.77/8.07 | 30.77/65.21/31.71 | 11.31/77.59/12.87

Similarly, Tables 7-8 display these classification metrics for Cryptocurrency fore-
casts. In the Cryptocurrency market, StemGNN demonstrates significant superiority
over the other models in both tables. However, this superiority does not translate

into its portfolio performance as detailed in the portfolio analysis.
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Table 7: Classification performance of models for Cryptocurrency data. Bold values

represent the methods with the best performance.

Model | Accuracy (%) | Precision (%) | Recall (%) | F; (%)
LSTM 38.88 65.25 38.89 46.99
MTGNN 39.85 42.75 39.85 39.84
StemGNN 77.52 76.82 77.52 77.08

Table 8: The breakdown of Cryptocurrency Buy/Hold/Sell Decision Metrics respec-
tively. Bold values represent the methods with the best performance.

Model Precision (%) Recall (%) F, (%)

LSTM 77.46/24.50/6.03 41.91/20.81/41.48 54.39/22.51/10.54
MTGNN 53.68/34.54/28.13 44.59/18.66,/48.69 35.66/24.23/35.66
StemGNN | 80.63/54.62/80.71 | 83.86/44.59/81.67 | 81.68/48.69/81.68

4.3 Backtesting Portfolio Analysis

A backtesting of equal-weighted portfolios, each starting with $100, was conducted
based on the forecasts provided by the models over a span of 104 weeks in both the
Forex and Cryptocurrency markets. To inject a realistic aspect of trading into the
analysis, a transaction cost of 0.5% per trade was factored into the simulation, which
is realistic given all names we trade are highly liquid. Figures 7-8 depict the wealth
curves and the trajectories of portfolio capital throughout the backtesting period,
offering the investment performance attributed to each method.

Table 9 provides detailed portfolio metrics derived from these trading simulations
in Forex market. For the cryptocurrencies, Tables 10-11 offer the same metrics,
categorizing them into bull and bear market periods, respectively. These periods
are assumed based on the observed trends in Cryptocurrency prices, as depicted
for various cryptocurrencies in Figure 10 over the simulation period from October
2020 to October 2022. The first year is characterized by a consistent upward trend,
assumed to be a bull market, while the second year shows a consistent downward

trend, indicative of a bear market.

Within these tables, return and volatility columns represent annualized return and
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Figure 9: Wealth curves for tested time-series GNN-based approaches.

volatility respectively whereas SR and MD define Sharpe Ratio and Max Drawdown
respectively. The capital changes throughout the backtesting suggest a disconnection

between prediction accuracy and trading performance. In the Cryptocurrency market,
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LSTM’s higher error rate did not preclude it from realizing the highest portfolio
growth. Similarly, being the best model in all direction-based prediction metrics did
not guarantee the highest profit for StemGNN. In the Forex market, MTGNN model

demonstrates the highest annualized return while having a high volatility.

Table 9: Backtesting performance for Forex portfolios.

Portfolio | Return (%) | Volatility (%) | SR | MD (%)
LSTM 25.24 44.44 0.46 -38.33
MTGNN 35.70 40.61 0.76 -27.49
StemGNN 9.52 30.78 0.15 -43.93
Random -14.00 7.22 -2.60 -27.12
All-asset 12.12 7.25 1.01 -4.95
Table 10: Backtesting performance for Cryptocurrency portfolios during bull market
period.
Portfolio | Return (%) | Volatility (%) | SR | MD (%)
LSTM 363.74 120.69 3.00 | -50.68
MTGNN 287.17 127.12 225 | -63.41
StemGNN 335.72 181.91 1.84 | -76.10
Random 249.4 108.26 229 | -57.57
All-asset 276.74 108.44 254 | -55.33

Table 11: Backtesting performance for Cryptocurrency portfolios during bear mar-
ket period.

Portfolio | Return (%) | Volatility (%) | SR | MD (%)
LSTM -70.60 61.27 -1.17 -67.20
MTGNN -78.56 54.68 -1.46 -72.44
StemGNN -95.00 75.28 -1.28 -82.54
Random -99.74 59.59 -1.69 -74.45
All-asset -73.25 59.65 -1.25 | -82.54

4.4 Statistical Significance Analysis

The statistical significance of the results is analyzed in two parts: 1- the significance
of prediction performance is assessed through two-sided independent ¢-tests between

model prediction errors; and 2- the significance of portfolio performance is evaluated
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Figure 10: Assumed Bull and Bear Periods in the Cryptocurrency Market

through two-sided paired t-tests on the wealth curves of different portfolios across the
104-week simulation period. Tables 12-13 present these analyses for the Forex and
Cryptocurrency datasets, respectively. A performance comparison between methods
is considered to have a statistically significant difference if the p-value is less than
0.05. In the context of t-tests, a negative t-statistic indicates that the model listed
first (or on the left side of a comparison pair) has a lower sample mean. This suggests
better performance in the context of Table 12, which deals with prediction errors,
and worse performance in Table 13, which pertains to portfolio capital.

The analysis of prediction errors shows a clear advantage for both GNNs over
LSTM in almost all cases for both Forex and Cryptocurrency markets. The excep-
tion is the Forex market comparison between StemGNN and LSTM, where LSTM
significantly outperforms StemGNN in terms of MAE and RMSE and has a marginally
better MAPE. Additionally, MTGNN consistently has statistically significantly lower
errors than StemGNN, positioning it as the best performing model in terms of pre-

diction.
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Table 12: Statistical significance of MAPE, MAE, and RMSE comparisons in Forex
and Cryptocurrency markets.

Forex Cryptocurrency

Metric | Comparison t-stat p-value t-stat p-value
MTGNN vs StemGNN | —8.61 * <107 * | =20.31 * | <107° *

MAPE | MTGNN vs LSTM —6.11 * <107°*% | —48.66 * | <107 *
StemGNN vs LSTM 1.90 0.07362 | —27.61 * [ <107° *

MTGNN vs StemGNN | —12.17* | <1075 * | —17.39* | <107 *

MAE MTGNN vs LSTM —5.70 * <1075 % | 4746 * | <107 *
StemGNN vs LSTM 5.22 %% [ <107 ¥ | —30.08 ¥ | <107° *

MTGNN vs StemGNN | —263.10 * | <107° * | —22.98 * | <107 *

RMSE | MTGNN vs LSTM —17464 ¥ | <107 * [ —91.07 * | <107° *
StemGNN vs LSTM 308.44 *F [ <107 ** [ —44.09 ¥ | <1077 *

*. First model is better. **: Second model is better.
No asterisk: No significant difference.

Table 13: Statistical significance of portfolio weekly capital comparisons in Forex
and Cryptocurrency markets.

Forex Cryptocurrency
Comparison t-stat p-value t-stat p-value
Random vs All-asset —17.79 ** | < 107° ** | —18.38 ** | < 107° **
Random vs LSTM —30.51 ** | < 107° ** | —18.25 ** | < 107° **
Random vs MTGNN —26.03 ** | < 107° ** | —14.01 ** | < 107° **
Random vs StemGNN | —9.60 ** | < 107° ** | —5.99 ** | < 1075 **
All-asset vs LSTM —18.10 ** | < 107° ** | —17.56 ** | < 107° **
All-asset vs MTGNN —27.35 ¥F | < 107° ** | —2.63 ** | 0.00973 **
All-asset vs StemGNN 7.86 * <107 * —1.49 0.14013
LSTM vs MTGNN 1.29 0.19981 15.57 * < 1070 *
LSTM vs StemGNN 17.22 * <1072 * 10.66 * <107° *
MTGNN vs StemGNN 21.61 * <1072 * —0.81 0.41809

*. First portfolio is better. **: Second portfolio is better.
No asterisk: No significant difference.

Conversely, portfolio performance analysis paints a more complex picture. In the
Forex market, LSTM and MTGNN show comparable performance, outperforming
other models. Furthermore, the All-asset strategy demonstrates superior performance
over StemGNN’s portfolio, paralleling the prediction error analysis, which indicated
LSTM’s slight advantage over StemGNN in the Forex market. In the Cryptocurrency

market, LSTM'’s portfolio performance is significantly better than all other strategies.
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MTGNN outperforms both the Random and All-asset strategies, while being com-
parable to StemGNN. As in the Forex market, StemGNN shows the least favorable
performance among the deep learning models, as it fails to surpass the simple All-asset
strategy.

These disparities between prediction error significance and portfolio performance
imply that statistically significant prediction accuracy does not necessarily translate
to more effective portfolio management in financial markets. In such a domain, sta-
tistical differences do not fully encapsulate a model’s practical utility. A model may
not consistently excel across all metrics yet prove valuable if it can make slightly more
accurate predictions at pivotal moments, potentially leading to significant financial
gains. This aspect is particularly salient in highly volatile markets, such as cryptocur-
rencies, where the fortuitous timing of trades by less accurate predictors might yield
better results than those by more accurate models. Thus, the practical implications
of a model’s performance, particularly in terms of risk management and return on

investment, should also be carefully considered alongside statistical findings.

4.5 Computational Performance

The comparison of running times of MTGNN, StemGNN, and LSTM during hyper-
parameter optimization is presented in Table 14.

Table 14: Running times for MTGNN, StemGNN, and LSTM during hyperpa-
rameter optimization on Forex (10 assets x 4548 days) and Cryptocurrency (20 as-
sets x 2189 days) datasets, with times noted in hours (h) and minutes (m).

Model Forex | Cryptocurrency
LSTM 12m om
MTGNN | 2h 8m 1h 10m
StemGNN | 1h 8m 30m

GNNss exhibit significantly longer training times compared to LSTM. In practical
scenarios involving weekly training, all training times can be deemed acceptable.

However, for higher-frequency trading strategies, those such as daily or hourly trading,
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the shorter running times of LSTM due to its simpler architecture could be more
advantageous. This can allow a more extensive hyperparameter search for LSTM
than the GNN models.

Overall, while GNNs demonstrate promising predictive capabilities, their higher
computational demands may limit their applicability in certain high-frequency trading
scenarios. Conversely, due to its lower computational overhead, LSTM presents a

viable alternative in situations that require rapid model training and retraining.
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CHAPTER V

CONCLUSIONS AND FUTURE WORK

In this study, we have investigated the effectiveness of Graph Neural Networks (GNNs),
specifically MTGNN and StemGNN;, in forecasting financial asset prices in compari-
son to a more traditional deep learning time-series model such as LSTM. The study
focused on two distinct financial markets: the foreign exchange (Forex) market and
the Cryptocurrency market. In terms of machine learning-based performance evalua-
tion, GNN models, particularly MTGNN, showed significant outperformance in both
markets compared to LSTM. This is even more pronounced in the highly volatile
Cryptocurrency market. On the other hand, our backtesting portfolio results pre-
sented a more complex picture. Despite their superior forecasting accuracy, GNN
methods did not consistently convert better prediction performance into increased
profitability in automated trading scenarios during backtesting. This underscores
the complex and non-linear relationship between forecasting accuracy and financial
performance, suggesting that higher accuracy does not necessarily lead to higher fi-
nancial returns. Overall, this research contributes to the field of financial forecasting
by expanding the use of GNNs, providing empirical evidence of GNNs’ effectiveness
in predicting financial asset prices, especially in the volatile Cryptocurrency market,
and enhancing the understanding of the non-linear relationship between predictive
accuracy and trading profitability.

Although we obtained reasonable performance via spatio-temporal GNNs, ad-
ditional enhancements could be integrated into our framework. In future work,
one can also consider newly emerging transformer-based spatio-temporal architec-

tures [70, 71]. We can investigate the methods to mitigate the effects of volatility
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for improved forecasting performance, especially in high-volatility markets such as
cryptocurrencies. Financial time series data suffers from a lot of noise influenced by
a wide array of factors, such as politics and social media. Thus, the study’s reliance
on historical data may not account for future market conditions and may invalidate
our findings across different market structures. The timing of trading decisions can
affect the investment gains. Models with similar predictive power might yield dis-
parate portfolio performances due to fortunate timing in critical trading decisions.
Hence, the trading simulations conducted here may be influenced by the fortunate
timing of one model over another. To address this, another enhancement could be to
focus on different trading strategies instead of just long-short portfolio construction.
In line with this, it would be worthwhile to explore trading strategies that focus on
decorrelation from market trends [72], rather than solely relying on the accuracy of
price prediction models. Lastly, for financial time series, only Forex and Cryptocur-
rency markets are examined in this study. Hence, generalizing our findings to other

financial markets could also be another future work.
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