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Abstract

Trend analysis plays a central role in understanding and predicting the evolution of com-
plex systems by extracting meaningful patterns from historical data. This thesis addresses
two fundamental predictive tasks that arise in this context: link prediction in complex
networks and time series forecasting, with a particular focus on social networks and
international trade. These domains are characterized by large-scale, high-dimensional,
and dynamically evolving data, which pose significant challenges to traditional heuristic,
statistical, and econometric approaches.

For link prediction in social networks, this thesis proposes a novel hybrid frame-
work that integrates similarity measures with supervised machine learning and heuristic-
based feature selection. The proposed approach learns predictive patterns directly from
similarity-based features while employing a Binary Butterfly Optimization inspired strat-
egy with a mutation-driven mechanism to select informative feature subsets, thereby
reducing computational complexity while preserving an effective balance between explo-
ration and exploitation. Model predictions are interpreted using SHAP-based explainabil-
ity. Extensive experiments on a real-world social network datasets, including Facebook
and Email-Eu-Core, demonstrate the effectiveness of the proposed framework, achieving
prediction accuracies of up to 98% on Facebook and 85% on Email-Eu-Core.

For time series forecasting in international trade, the thesis develops an interpretable
forecasting framework based on the Temporal Fusion Transformer (TFT), capable of
modeling long-range temporal dependencies and integrating heterogeneous inputs such
as economic and geographic indicators. Using enriched datasets from the UN Comtrade
database, the CEPII Gravity dataset, and the World Bank, the TF'T-based model achieves
a 17% improvement in the coefficient of determination (R?) compared to baseline models,
including Random Forest and Graph Attention Networks. Building on this framework, a
hybrid approach termed TransFusion-LM is introduced, which integrates large language
models through prompt-based strategies without fine-tuning. By embedding TFT out-
puts and contextual features into structured prompts, TransFusion-LM further improves
forecasting performance, with prompt-based GPT-4 variants achieving an R? score of up
to 94% while also reducing forecasting errors. In addition to improved accuracy, this ap-
proach provides intuitive, human-readable explanations of contextual influences on trade
forecasts.

Overall, this thesis advances trend-based predictive modeling by developing scalable,
accurate, and interpretable frameworks for both network-based and time series-based
prediction tasks. By combining optimization-inspired feature selection, transformer ar-
chitectures and large language models, the proposed methods support more reliable and
transparent decision-making in complex social and economic systems.



Resumé

L’analyse des tendances joue un role central dans la compréhension et la prédiction
de I'évolution des systemes complexes, en extraisant des motifs significatifs a partir de
données historiques. Cette these aborde deux taches prédictives fondamentales qui s’ins-
crivent dans ce contexte : la prédiction de liens dans les réseaux complexes et la prévision
de séries temporelles, avec un accent particulier sur les réseaux sociaux et le commerce
international. Ces domaines se caractérisent par des données de grande échelle, a forte
dimensionnalité et en constante évolution, ce qui pose des défis majeurs aux approches
heuristiques, statistiques et économétriques traditionnelles.

Pour la prédiction de liens dans les réseaux sociaux, cette these propose un nouveau
cadre hybride qui integre des mesures de similarité, des techniques d’apprentissage auto-
matique supervisé et une sélection de caractéristiques basée sur des heuristiques. L’ap-
proche proposée apprend directement des motifs prédictifs a partir de caractéristiques
fondées sur la similarité, tout en s’appuyant sur une stratégie inspirée de 'optimisation
Binary Butterfly, enrichie par un mécanisme de mutation permettant de sélectionner des
sous-ensembles de caractéristiques informatives. Cette conception permet de réduire la
complexité computationnelle tout en maintenant un équilibre efficace entre ’exploration
et I'exploitation. Les prédictions du modele sont interprétées a ’aide de la méthode SHAP
afin d’en assurer I'explicabilité. Des expériences approfondies menées sur des jeux de don-
nées réels de réseaux sociaux, notamment Facebook et Enron Email-Eu-Core, démontrent
lefficacité du cadre proposé, avec des précisions de prédiction atteignant jusqu’a 98 %
sur Facebook et 85 % sur Email-Eu-Core.

En ce qui concerne la prévision des séries temporelles appliquée au commerce inter-
national, cette these développe un cadre de prévision interprétable basé sur le Temporal
Fusion Transformer (TFT), capable de modéliser des dépendances temporelles a long
terme et d’intégrer des entrées hétérogenes telles que des indicateurs économiques et géo-
graphiques. En utilisant des jeux de données enrichis provenant de la base UN Comtrade,
du jeu de données CEPII Gravity et de la Banque mondiale, le modele basé sur le TF'T
obtient une amélioration de 17 % du coefficient de détermination (R?) par rapport aux
modeles de référence, notamment Random Forest et Graph Attention Networks. Sur la
base de ce cadre, une approche hybride nommée TransFusion-LM est introduite, inté-
grant des grands modeles de langage a ’'aide de stratégies de prompting, sans recourir
au fine-tuning. En intégrant les sorties du TF'T et des caractéristiques contextuelles dans
des prompts structurés, TransFusion-LM améliore davantage les performances de prévi-
sion, les variantes basées sur GPT-4 atteignant un score R? allant jusqu’a 94 %, tout
en réduisant les erreurs de prévision. En outre, cette approche fournit des explications
intuitives et compréhensibles pour I'’humain sur 'influence des facteurs contextuels sur
les prévisions commerciales.

Dans ’ensemble, cette theése contribue a 'avancement de la modélisation prédictive
fondée sur I'analyse des tendances en développant des cadres évolutifs, précis et interpré-
tables pour des taches de prédiction basées sur les réseaux et les séries temporelles. En
combinant une sélection de caractéristiques inspirée de 'optimisation, des architectures
de type transformer et des grands modeles de langage, les méthodes proposées favorisent
une prise de décision plus fiable et plus transparente dans des systémes sociaux et écono-
miques complexes.
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Introduction

Trend analysis is the systematic study of consistent patterns or directions of change in
data over time [247]. By transforming historical observations into predictive knowledge,
it reduces uncertainty and enables strategic planning in dynamic environments. Its value
lies not only in describing the evolution of systems but also in providing a foundation
for anticipating future developments. For this reason, trend analysis has become cen-
tral to disciplines as diverse as climate science [32, 78|, where long-term patterns inform
adaptation strategies; finance [209, 139], where market movements guide investment and
risk management; and social or communication networks [29], where detecting interaction
patterns supports tasks such as link prediction. In this thesis, we address two predictive
tasks: link prediction in complex networks and time-series forecasting. Link prediction is
essential for understanding the evolution of interconnected systems, such as online plat-
forms [114], scientific collaborations, and infrastructure networks [222, 129, 208]. Antici-
pating future connections enables the development of recommendation systems [112, 224],
the detection of emerging communities [143], and the optimization of large-scale network
structures. Time series forecasting aims to predict future values of a variable based on
its historical observations. It plays a fundamental role in numerous domains, includ-
ing economics [75, 172], energy [225, 145], and climate science [130, 77]. Time series
data often exhibit complex characteristics, including trends, seasonality, volatility, and
structural breaks, making accurate forecasting challenging yet essential for planning, risk
management, and decision-making in dynamic environments. Within this broad context,
the thesis focuses on two representative real-world applications: link prediction in so-
cial networks and time-series forecasting in international trade. Modern social platforms
generate interaction graphs at scales where accurate link prediction becomes both valu-
able and challenging. For instance, Facebook reports more than 3.07 billion monthly
active users—nearly 40% of the global population — and over 2 billion daily active users,
resulting in massive volumes of evolving relationships [57]. At this scale, the graph’s
sheer size, sparsity, and dynamic evolution make manual analysis or simple descriptive
techniques impractical, necessitating algorithmic methods that can automatically extract
structural patterns and predict future links in a scalable manner. In such settings, sim-
ilarity measures (e.g., common-neighbor and Jaccard) remain attractive because they
are simple, fast, and often effective at capturing local structural signals; however, when
used, they provide only a partial view of link formation and tend to miss heterogeneous
and nonlinear mechanisms that govern connections in real networks [4, 92, 17]. Machine
learning (ML) offers a complementary advantage by learning decision boundaries from
multiple signals and adapting to different network characteristics, but its performance
depends critically on the quality and relevance of the input features; in practice, naively
combining many similarity measures produces high-dimensional feature spaces with re-
dundancy and noise, increasing computational cost and risking degraded generalization,
while also reducing interpretability [212]. An open question, therefore, is how to inte-
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Introduction

grate similarity-based structural information with data-driven learning models to balance
predictive performance, scalability, and interpretability.

In parallel, time-series forecasting in international trade was selected for its strong
economic relevance and inherent modeling challenges. International trade systems consist
of complex, multivariate time series that capture trade flows between countries over time
and are influenced by economic indicators, geographic factors, and geopolitical events.
Global trade in goods and services reached a record level of US 32.2 trillion in 2024, high-
lighting both its scale and importance for international economic stability [241]. Accurate
forecasting of trade flows is essential for governments, policymakers, and businesses to
anticipate market fluctuations, assess the impact of external shocks, and manage supply
chain risks [239, 80, 213|. Traditional time series forecasting methods, such as ARIMA
[33] and Prophet [216], have been widely used due to their simplicity and effectiveness in
modeling linear trends and seasonality. However, these approaches are limited in their
ability to capture nonlinear dynamics and handle high-dimensional data, restricting their
applicability in complex forecasting scenarios. Advances in Deap Learning (DL), par-
ticularly LSTM networks [2, 252|, have improved forecasting performance by modeling
temporal dependencies, yet they remain constrained by sequential processing and limited
scalability for long sequences. These limitations raise the question of how forecasting
models can effectively capture nonlinear dynamics and long-range temporal dependen-
cies in high-dimensional international trade data while remaining scalable and suitable
for real-world decision-making.

To address these challenges, this thesis develops a unified set of data-driven predictive
frameworks for trend analysis. For link prediction in social networks, we propose a novel
hybrid framework that integrates similarity measures with supervised ML and heuristic-
based feature selection. Our approach learns predictive patterns directly from similarity-
measure features, employing a Binary Butterfly Optimization-inspired strategy enhanced
by a mutation-driven mechanism to select informative feature subsets. This design avoids
the use of an explicit, computationally costly fitness function while preserving an effective
balance between exploration and exploitation in the feature search space. To enhance
transparency, SHAP explainability is incorporated to interpret model predictions, and
extensive experiments on real-world social network datasets demonstrate improvements
in accuracy, scalability, and interpretability.

In parallel, this thesis advances time-series forecasting in international trade through a
progressive modeling strategy that builds on transformer-based forecasting and integrates
large language models. The analysis relies on a multivariate trade dataset constructed
by integrating multiple authoritative data sources, including the United Nations UN
Comtrade database. (2023) [223] , which provides detailed international trade statistics,
the CEPII Gravity dataset [40] , which captures geographic and economic relationships
between trading partners, and the World Bank Open Data [240], which supplies macroe-
conomic indicators. Building on this enriched and heterogeneous data representation, an
interpretable forecasting framework based on the Temporal Fusion Transformer (TFT) is
developed to capture long-range temporal dependencies in multivariate trade flows and
to integrate economic and geographic information beyond historical values. While this
framework achieves strong predictive performance and offers valuable interpretability,
empirical analysis identifies practical challenges related to model complexity, training
time, and sensitivity to hyperparameter selection. To address these challenges, the TF'T
framework is extended by integrating large language models via prompt-based strategies,
yielding a hybrid approach referred to as TransFusion-LM. In this unified framework,
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TFT outputs and structured contextual features are embedded into LLM prompts us-
ing advanced prompting techniques such as Few-Shot and Chain-of-Thought reasoning,
without fine-tuning. This design enables the joint exploitation of quantitative tempo-
ral signals and contextual knowledge, reducing reliance on extensive feature engineer-
ing and large training datasets. Experimental results demonstrate that prompt-based
LLM configurations—particularly Few-Shot CoT with GPT-4—consistently outperform
standalone TFT models, fine-tuned LLMs, and classical ML approaches across multiple
evaluation metrics, and provide interpretable, natural-language explanations of forecast-
ing outcomes, thereby enhancing transparency and trust in sensitive domains such as
international trade.

Thesis organization

This thesis comprises five chapters, each addressing a different aspect of our research in
the two fields of link prediction and time series forecasting.

o Chapter 1: State of the Art. This chapter presents a comprehensive litera-

ture review on trend analysis, structured around two main domains. The first part
focuses on link prediction in complex networks, where we introduce the problem,
review commonly used datasets, and discuss the principal similarity measures, ML,
and DL employed in this field. The chapter further analyzes the advantages, lim-
itations, and emerging trends of existing approaches, highlighting open research
gaps.
The second part of the chapter is devoted to time-series forecasting. It introduces
fundamental time-series models and reviews classical, machine-learning, and DL
transformers, as well as advances in LLMs used in this domain. For each category,
the chapter discusses the strengths and limitations of the approaches and provides
a critical analysis of current trends and challenges in time-series modeling.

o Chapter 2: Background.
This chapter provides the theoretical foundations and methodological background
required for the developments presented in this thesis. It describes the core tech-
niques and models employed throughout the work and serves as a conceptual ref-
erence for the proposed methods.

The chapter begins with an overview of fundamental ML and DL models. Since
these techniques are well established, they are introduced concisely, focusing on
their key principles and roles in predictive modeling. The discussion then proceeds
to more advanced architectures central to this thesis, including transformer-based
models, with particular emphasis on the Temporal Fusion Transformer (TFT) and
large language models (LLMs). These models are presented in greater technical and
mathematical detail, highlighting their attention mechanisms and learning struc-
tures.

Overall, this chapter establishes a common theoretical framework and notation,
enabling subsequent chapters to focus on methodological contributions and exper-
imental analysis without repeatedly reintroducing foundational concepts.

o Chapter 3: Efficient Link Prediction in Social Networks Using a BBOA-
Inspired Heuristic and Similarity-Based Machine Learning.
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This chapter presents the main contribution of the thesis: a novel approach to
link prediction that integrates similarity measures with supervised ML techniques.
The chapter begins by introducing the datasets and computing similarity-based
features. It then describes the proposed feature selection strategy inspired by the
Binary Butterfly Optimization algorithm, detailing how this algorithm is adapted
and how the fitness function is modified for the link prediction task. Subsequently,
the training and evaluation of the predictive models are presented. Finally, analyze
and interpret the experimental results to assess the effectiveness and reliability of
the proposed approach.

o Chapter 4: High-Accuracy Prediction of International Raw Material
Trade Flows Using Temporal Fusion Transformer.
This chapter presents the thesis contribution to time-series forecasting of interna-
tional trade flows. It starts by describing the data acquisition pipeline and the
construction of a multivariate time-series dataset that combines bilateral trade
flows with economic and geographic covariates from authoritative sources. Next,
the chapter formulates the forecasting task, defines the prediction targets and input
variables, and explains the preprocessing and feature engineering steps applied to
the data. It then introduces the proposed forecasting framework based on the TFT,
detailing the model design for multivariate forecasting and the integration of exoge-
nous drivers. Finally, the chapter reports the experimental protocol and evaluation
measures, compares the TF'T framework against baseline forecasting approaches,
and analyzes the results in both accuracy and interpretability.

o Chapter 5: TransFusion-LM: Revolutionizing Trade Flow Forecasting
with LLMs and TFT Integration.
The motivation behind this chapter is to address the limitations identified in the
previous chapter. contribution by enabling LLMs to reason over and enhance
transformer-based forecasting outputs. This chapter introduces TransFusion-LM, a
novel hybrid framework that integrates the outputs of the TFT with LLMs through
prompt-based strategies. The chapter describes how multivariate, tabular trade
data and TFT predictions are transformed into structured textual representations
suitable for LLM input. It then details the prompting techniques employed, includ-
ing zero-shot, few-shot, and chain-of-thought configurations and the LLMs consid-
ered. The experimental analysis ML baselines. Finally, the chapter interprets the
forecasting results and discusses the reliability and trustworthiness of TransFusion-
LM in the sensitive context of international trade forecasting.

Finally, we conclude the thesis by consolidating the overall contributions, reflecting on
the limitations of the proposed approaches, and identifying potential avenues for future
work.

Publication

The publications listed below represent the core research contributions developed through-
out this thesis.

1. A Comprehensive Survey of Link Prediction Methods, Djihad Arrar et al.,
The Journal of Supercomputing, February 2024.
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2. Efficient Link Prediction in Social Networks Using a BBOA-Inspired
Heuristic and Similarity-Based Machine Learning, Djihad Arrar et al., 14th
International Conference on Research in Computing at Feminine, December 2025.

3. High-Accuracy Prediction of International Raw Material Trade Flows
Using Temporal Fusion Transformer, Djihad Arrar et al., International Journal
of Data Science and Analytics, May 2025.

4. TransFusion-LM: Revolutionizing Trade Flow Forecasting with LLMs
and Temporal Fusion Transformer Integration, Djihad Arrar et al., Under
review in ACM Transactions on Intelligent Systems and Technology.

Role in Research: Challenges, Achievements, and Lessons

Throughout this research, a central role was played at every stage of the project, from
conceptualization and methodology design to data analysis, model development, and
publication preparation. The work was grounded in an interdisciplinary framework that
bridges ML, complex networks, and economic forecasting.

One of the key challenges encountered early in the Ph.D. journey was the lack of
suitable time series datasets for link prediction tasks. While the field has been exten-
sively studied in static networks, extending it to temporal settings has been hindered by
the scarcity of structured, time-dependent data and the computational demands of DL
models, particularly given limited access to GPU servers or high-performance cloud in-
frastructure. These limitations also restricted experimentation with LLMs, which require
substantial hardware resources for training and fine-tuning.

This research journey began with a theoretical study of link prediction, followed by
a literature review to identify methodological gaps and propose new research directions
for static networks. However, the advancement toward dynamic prediction was hindered
by the scarcity of time-series network datasets. A pivotal transition occurred during
an Erasmus+ internship at TalTech University in Estonia, during which the research
scope was successfully redirected while maintaining the core topics of trend analysis and
predictive modeling. With access to substantial computational resources (GPUs) and a
large, real-world economic trade dataset, the work evolved to focus on time-series fore-
casting in international trade, thereby continuing the investigation of dynamic patterns
in a different yet methodologically congruent context.

Beyond technical development, this Ph.D. journey taught me critical lessons about
scientific research: how to structure and write scientific papers, collaborate effectively
within interdisciplinary teams, interpret complex model outputs in consultation with
domain experts, and communicate findings clearly. These experiences deepened my un-
derstanding of applied ML and prepared me to contribute meaningfully to both academic
and practical challenges in data-driven decision-making.
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Chapter 1

State of the art

1.1 Introduction

To support the analysis of trends in dynamic systems, this chapter presents a review
of existing work in two main areas: link prediction and time series forecasting. These
two fields form the methodological basis of this thesis and provide distinct approaches to
understanding how systems evolve either through the progression of numerical values or
the transformation of relationships within a network.

The goal of this chapter is to understand the current state of the art, highlight the
strengths and limitations of the existing approaches, and identify the research gaps that
motivate this thesis.

This chapter is organized into two main sections.

Section 1.2 reviews related work on link prediction, including classical and modern
approaches. Section 1.3 presents related work on time series forecasting, particularly in
the economic domain.

1.2 Related works on link prediction

In this section, we define the link prediction problem and provide an overview of the
datasets, network types, and evaluation metrics commonly used in this area. In addition,
we review the main categories of link prediction methods, including similarity-based ap-
proaches, machine learning models, etc. The section further discusses the strengths and
limitations of these methods and analyzes current research trends and open gaps in the
literature.

1.2.1 Definition

Link prediction is a task in network analysis that aims at predicting the likelihood of
future connections between nodes in a network. It uses the existing network structure
and, when available, node attributes to estimate the presence or absence of potential
links. This task is often applied to graphs G(V, E), where V denotes the set of nodes and
E denotes the set of edges. The network’s existing relationships help predict potential
connections between unconnected nodes.

Consider the example in Figure 1.1. If node A is linked to both nodes B and D, nodes B
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and D are not linked, and node A is a common link between B and D, then link prediction
would suggest a potential connection between D and B, as well as C and D.

At Time T At Time T+1

G(V, E)
V={A,BC,D}
E={AB,AD,AC,BC}

Figure 1.1: Example of Link prediction in Network Graph.

1.2.2 Networks Used in Link Prediction

Several types of networks are used in link prediction. The specific methods and tech-
niques used for link prediction rely on the data type (network) and relationships being
evaluated. The most prevalent networks employed in link prediction approaches are enu-
merated in this section and represented in Figure 1.2.

In Table 1.1, we represent a compilation of different types of networks and the corre-
sponding articles that have used these networks for link prediction.

1.2.2.1 Static Network

A static network does not change over time, with its nodes and edges remaining constant.
The paper [233] presents a method for link prediction in static networks based on the
popularity of nodes.

1.2.2.2 Dynamic Network

A dynamic network is a network that changes over time, with new nodes and edges form-
ing or disappearing as the network evolves. A dynamic network is used in link prediction
to represent relationships between nodes that change over time, such as interactions be-
tween people in a social network. The authors employ a dynamic network to identify
missing links in [273, 115, 205]. The method used in [273] is the time-varying topo-
logical feature learning, which addresses the temporal dependencies among nodes and
connections in dynamic networks.

20



Chapter 1 : State of the art

User A User B G2 N2 M1
:User C ::I "‘ :
At time t Attime t !
User A User B . : :
: User C :
At time t2 At time t2 N3 na

Knowledge Network Weighted Network Signed Network

Friend Work in
@ ' Bob
5
Brother Born in
10
25
Cilia

Date of birth Wife

Figure 1.2: Representation of Different Types of Networks

1.2.2.3 Direct and Indirect Networks

A social network can be considered a direct or indirect network A direct network exhibits
an asymmetric link structure, as in Twitter. User A can following user B, or B can follow
A. The indirect network has symmetric links, as in Facebook. The authors in [36] present
an effective method for predicting directional links in directed networks.

1.2.2.4 'Weighted Network

A weighted network is a network in which each link between nodes has a weight that
represents various aspects of the relationship, such as its strength or importance. To
predict links between nodes, link prediction algorithms often use weighted networks to
capture their relationships. Recently, the paper [115] introduced a novel temporal link
prediction model, GCN-GAN, designed explicitly to predict weighted links in dynamic
networks. GCN-GAN is a non-linear model well-suited to handling the complexities of
weighted dynamic networks.

1.2.2.5 Multiplex Network

A multiplex network is a network with many layers, where each layer represents a differ-
ent type of relationship or interaction between nodes. Nodes are connected by multiple
types of edges across different layers, capturing various dimensions of their associations.
Multiplex networks provide a multidimensional representation of the network by account-
ing for diverse connections, such as friendships, business partnerships, familial ties, and
more. They offer a richer and more comprehensive understanding of complex social in-
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teractions in social networks [164] presented an LP framework based on proximity-based
characteristics and interlayer similarity (LPIS). Nasiri et al. [166] suggested a novel tech-

nique for predicting links in multiplex networks using topologically biased random walks
(MLRW).

1.2.2.6 Knowledge Network

A knowledge network is a multirelational graph composed of entities and relations re-
garded as nodes and different types of edges, respectively [94]. In [185], the authors
performed a comparative analysis of knowledge graph embedding methods for link pre-
diction. In [215] tackled the problem of temporal link prediction in a dynamic knowledge
graph (KG).

1.2.2.7 Signed Network

A signed network is a network in which edges have positive or negative weights. In a
social network analysis, the positive weight of an edge indicates friendship between two
nodes, whereas the negative weight of an edge indicates enmity between them. A link
prediction method is proposed in [263]. It leverages the structural information of signed
social networks. The method compares user similarities and leverages the structural in-
formation of the signed social network to predict links.

1.2.2.8 Ego Network

An ego network is a cluster of nodes directly connected to a central node, called the ego.
The ego network encompasses the ego and its neighbouring nodes and their connections.
The authors in [154] proposed an ELP algorithm that uses an ego network in a social
network with relevant features based on the similarity approach.

1.2.2.9 Heterogeneous networks

Heterogeneous networks, also known as heterogeneous information networks or multi-
modal networks, are characterized by multiple node and edge types. These networks
incorporate diverse entities, such as users, items, events, or concepts, with edges repre-
senting relationships or interactions, including friendship, co-occurrence, similarity, cita-
tion, and other relevant associations.

1.2.2.10 Popular Datasets Used in Link Prediction

Numerous datasets have been developed to support research on link prediction across
domains, including social networks, biology, and citation networks. In the following, we
overview several widely used datasets and summarize their key characteristics in Table
1.2.

« The Zachary’s Karate Club network [265] is a social network of friendships
among 34 karate club members at a US university.

« Dolphin social network [142] is a network of dolphins living in Doubtful Sound
in New Zealan.
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Table 1.1: Type of the Network with References.

Type of Networks References

Ego network [154], [51], [68].

Multiplex network [166], [199], [100], [256], [155], [141], [258]
Directed network [74], [6], [144], [67], [60], [45]

Sign network [133], [1]

. (48], [186],[254], [192], [89], [244],
Dynamic network [109], [144], [51], [284], [163], [126]
Knowledge network [215],[157],[267]

[110], [163], [180], [6],[214], [281],[167],
[148], [232], [264], [7], [23], [21], [96],
Static network [51], [231], [30], [119], [206], [269], [268],
[110], [56], [103], [37], [31], [65], [47],
[270], [127], [44],[54]
Weighted network [115], [285]
redHeterogeneous network  [65],[276]
[

7], [135], [264] [206], [269], [23], [30] [264], [232], [119]

Undirect network

« The Football network [107] is a network of American football games played
between Division TA colleges during the regular season in the fall of 2000.

« The Jazz network [69] is a collaboration network of 115 jazz musicians, where a
link between two musicians denotes that they have played in the same band.

« The USAir network [27] is an airline network of US airports and their connec-
tivity.

« The Twitter dataset [12] is a non-bipartite graph. It was made available as part
of the 2020 RecSys Challenge, as described by Belli et al. (2020).

« Ego-Facebook [117] is a large dataset. This dataset comprises "circles” or "friends
lists” extracted from Facebook.

« Facebook NIPS network [14] is a social network dataset made publicly available
in 2012 by Julian McAuley and Jure Leskovec. This undirected and unweighted
network represents user-to-user friendships on Facebook. Each user is represented
by a node and an associated link between two nodes representing each friendship.

« Email-Eu-core network [260] is an e-mail communication network generated
by members of a large European institution. A node represents each user in the
network, and an edge is drawn between two nodes if at least one email is exchanged
between them.

« Yeast [230] is a well-known biological dataset comprising a protein-protein inter-
action network in the budding yeast Saccharomyces cerevisiae.

« The Power [2306] is a dataset representing the power transmission network covering
the western region of the United States.
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« CollegeMsg [175] is a dataset containing records of messages exchanged on an
online social network at the University of California, Irvine. It includes information
about the source user (sender), destination user (receiver), and timestamp of each
message. The dataset spans the period from April 2004 to October 2004. It provides
insights into the communication patterns and interactions within the online social
network during this duration.

» Twitter-Foursquare [87] is a dataset that combines data from both the Twitter
and Foursquare platforms. It was collected between May and September 2012. It
specifically focuses on three major cities in the United States. The dataset comprises
tweets and check-ins from users who checked in during that period and shared their
check-ins on Twitter.

» Vickers Vickers collected [229] Dataset, and it consists of data obtained from 29
seventh-grade students in a school located in Victoria, Australia. The students
were asked to nominate their classmates based on several relations, focusing on
three specific layers: The relationship layer, the Best friends layer, and the Working
preference layer.

1.2.3 Evaluation Metrics

In this section, we present the measures commonly used to evaluate the results of link
prediction algorithms. The choice of evaluation measures depends on several factors, such
as the method used and the types of datasets. Some measures may be more suitable for
certain methods or datasets than others, and the choice of measures can also depend on
the research objective. For instance, if the goal is to identify as many true positive links
as possible, recall may be more important than precision. Conversely, precision may be
more crucial if the focus is on minimizing false positives.

Top 5 Measures

25 1

&

Frequency

[
[ =]
L

AUC Precision Recall Accuray F1 Score
Measures

Figure 1.3: The most commonly used measures among the papers included in our survey
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« Area Under the Receiver (AUC) is the area under the receiver operating char-
acteristic curve (ROC) [79], which is a measure of the model’s ability to distinguish
between positive and negative links. The formula to calculate the AUC score is
shown in Equation (1), where n’ is the number of times the missing links have
scores greater than the non-existing links, and n” is the number of times their
scores are equal. Assuming the scores are generated from an identical and indepen-
dent distribution, the AUC is approximately 0.5. A higher AUC value indicates a
more efficient algorithm compared to random choice [161].

/ Iz
AUC = m (1.1)
n

o Accuracy is a metric that indicates the percentage of correctly classified links by
a link prediction model. It can be computed using the following formula:

TP+TN
TP+TN+ FP+ FN

Accuracy = (1.2)
where TP (True Positive) is the number of correctly predicted positive links.
TN (True Negative) is the number of correctly predicted negative links.

FP (False Positive) is the number of incorrectly predicted positive links .

FN (False Negative) is the number of incorrectly predicted negative links.

e Precision is a metric used to evaluate the performance of a link prediction model.
It measures the proportion of correctly classified positive links (i.e., links that ac-
tually exist) among all classified positive links.

TP
Precision = m—FP (13)

o Recall is the ratio of correctly classified positive links to the total number of
positive links.
TP

R@CCL” = m—m (14)

e F1 Score is a measure of the balance between precision and recall.

Precision * Recall
F1=2 1
* Precision + Recall (1.5)

1.2.4 Methods for Link Prediction

We classify link prediction methods based on recent literature (2020-2023). We reviewed
approximately 80 papers on similarity heuristics, ML, Dimensionality reduction, and
related approaches.

1.2.4.1 Similarity based methods

Similarity is a measure of the degree of connection between two nodes in a network.
It is frequently used to predict the likelihood that a link will form between two nodes
that are not currently connected in the network. The most common similarity measures
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between nodes, used in link prediction studies, are local, quasi-local, and global indices.
Local indices, such as Common Neighbors [171], Salton Index [191], Jaccard Index [92],
Sorensen Index [210], Hub Promoted Index [123], Preferential Attachment Index [25],
Adamic Adar Index [4], and Resource Allocation Index [282], calculate scores based on the
neighbourhood information of nodes with a path distance less than two. Global indices,
like Katz [102], Random Walk [220], SimRank [93], Leicht Holme Newman Index (LHNI)
[116], and Matrix Forest Index (MFI) [43], use information from the entire network to
calculate scores with a path distance greater than two. Quasi-local indices, such as Local
Random Walk [134] and Local Path Index [283], combine the advantages of local and
global indices and compute scores for nodes at most two hops away. These quasi-local
approaches tend to have higher prediction accuracy compared to local methods.

In conclusion, these old metrics are adaptations of the common neighbour method that
normalize or consider the significance of the neighbouring nodes to reduce biases resulting
from the uneven distribution of node degrees. These old measures are still being used in
recent studies, often in combination with other methods. They are computed using the
equations given in Table 1.3, where I'x and I'y represent the sets of neighbours of nodes
x and y, respectively.

Table 1.3: The Most Popular Similarity-Based Metrics.

Measure Equation Reference
Common Neighbors sC Ny, = |I'(z) NI(y)| [171]
Jaccard Index (sJI) sJI(z,y) = Ty 92]
Salton Index (sSalton) sSalton(z,y) = W—% [190]
Hub Promoted Index (sHPI) sHPI(x,y) = % [123]
Hub Depressed Index (sHDI) sHDI(z,y) = % [123]
Leicht-Holme-Newman Index (SLLHN) sLLHN(z,y) = o [116]
Adamic-Adar Index (sAA) sAA(Z,Y) = > eranry m [4]
Resource Allocation Index (sRA) sSRA(%,y) = X weranry = [282]
Preferential Attachment (sPA) sPA(z,y) =Tz -Ty [25]
SimRank (sSimRank) sSimRank(x,y) = %Fy [93]

First, in [180], the authors introduce a new link prediction algorithm, CNDP (Com-
mon Neighbors Degree Penalization). The CNDP algorithm combines the network’s av-
erage clustering coefficient and topological characteristics, such as the number of shared
neighbours, to calculate the node similarity score. By including common neighbours
in the calculation, this method improves upon the previously proposed adaptive degree
penalization (ADP) method. The results demonstrate that CNDP delivers substantial
improvements in accuracy and computational efficiency compared to other similar tech-
niques. Additionally, CNDP considers both local and global features of the network,
providing a more comprehensive and nuanced examination of the network structure. In
the work of Ahamad et al.[7], a novel algorithm called the Common Neighbor and Cen-
trality based Parameterized Algorithm (CCPA) was introduced for complex network link
prediction. This algorithm is based on two key node characteristics: the number of com-
mon neighbours and the nodes’ centrality, calculated using closeness and betweenness
centrality. The "common neighbor” feature measures the number of shared neighbors
between two nodes in the network. The effectiveness of CCPA was evaluated through
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experiments on eight real-world datasets. The authors in [23] presented a novel similar-
ity measure based on the local path information of nodes. The similarity score between
two nodes is computed from the local information of nodes within a specified distance,
accounting for direct connections and all shorter paths between them. This approach
combines the strengths of two well-known similarity indices, the Katz Index and the
Adamic-Adar Index. The authors in [21] proposed a parameter-free new similarity met-
ric based on degree and path depth. The metric extends their previous work ([96]),
which focused on local features such as node degree and on global features, including
path structure. The metric considers different-length paths to reduce the impact of high-
degree nodes by using path lengths 2 and 3 and accounting for the degrees of the source
and destination nodes. The authors applied ML techniques, including k-nearest neigh-
bours, logistic regression, artificial neural networks, decision trees, random forests, and
support vector machines, for binary classification. In [231], the authors present a novel
multidimensional network model incorporating multiple public opinion factor dimensions.
The model is designed to capture the complexity of link formation in "We the Media”
networks, where various factors, including structural information, occupational environ-
ments, interests, and social psychology, influence social user relationships. To evaluate
the effectiveness of their model, the authors propose a link prediction algorithm tailored
explicitly for multidimensional network links. The algorithm is compared against baseline
methods, including the Common-Neighbourhood-Driven model, the Jaccard index, and
the SimRank method. The empirical analysis was conducted using public opinion data
from Weibo.com. In [141], the author explores link prediction in multiplex networks and
proposes a multiple-attribute decision-making (MADM) approach to address the prob-
lem. By treating potential links in the target layer as alternatives and diverse layers in
the network as attributes, the goal is to use information from all layers effectively. The
proposed approach ranks alternatives by ideality scores and assigns weights to layers us-
ing a defined layer-similarity measure based on cosine similarity. Extensive experiments
demonstrate that the proposed method outperforms competing methods in both accuracy
and running time. In [284], the author proposed a model for growing networks and intro-
duced novel time-sliced metrics to estimate the likelihood of missing links. These metrics,
based on established link prediction indices, achieve superior performance compared to
existing approaches, particularly when decay factors are small. Additionally, the paper
proposes function expressions to determine the optimal number of slices and decay factor
in real-world networks, thereby enhancing the efficiency of link prediction. By leveraging
these formulas, the method accurately and efficiently predicts missing links by estimat-
ing the aging speed of growing networks. The implementation steps and advantages of
the time-sliced metrics are exemplified using the Preferential attachment metric, further
highlighting their effectiveness in networks with aging sites.

In the article [154], the authors proposed an ELP algorithm that used an ego network in
a social network with relevant features based on the similarity approach. The features
considered are Egocommon Neighbors, Ego Resource Allocation, Ego Page Rank, Ego
Node2vec, and Ego Clustering Coefficient, focusing on Egocommon Neighbors (ELP).
They found that this algorithm is more accurate than state-of-the-art methods for the
same network. Similarly, the authors in [135] focus on the initial information contribu-
tion of nodes as a critical factor in prediction accuracy. By incorporating topological
information and an adjustable parameter, the algorithm quantifies the significance of the
node’s initial information. By analysing bidirectional information transmission between
nodes, the algorithm measures structural similarity based on the total amount of infor-
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mation received by nodes. Experimental evaluations on real-world networks demonstrate
the superiority of the proposed algorithm compared to existing benchmark indices. Next,
in [109], the authors presented an enhanced feature set that addresses the link predic-
tion problem in dynamic networks by incorporating individual snapshots and the overall
network structure. Using a reward-and-penalty structure, the novel Cost-based feature
for link prediction (CFLP) estimates edge behaviour across the entire network. Four
categories of similarity indices are used to measure edge activity in individual snapshots.
Feature selection is performed on fourteen different snapshot-based features to identify
the optimal combination. The combined feature set is evaluated with ML models and
outperforms state-of-the-art approaches. Experimental results on real-world datasets
demonstrate the superior performance of the proposed method. A novel link prediction
approach is introduced in [51]. Tt addresses spurious links in static networks and predicts
the removal of existing links in dynamic networks. The strategy is based on the con-
cept of attraction force between nodes and node-level assignment. For static networks,
connection probabilities of existing links are calculated to detect spurious links. In dy-
namic networks, a virtual network is constructed from network changes, and connection
probabilities are computed to predict link removals. The author of [155] presented a link
prediction challenge on a multiplex network. The proposed method combines edge and
node relevance to predict links between unconnected nodes accurately. It used an ag-
gregation model to summarize information across layers into a weighted static network,
accounting for layer density. Node relevance is determined by the node’s importance
within the overall graph structure, whereas edge relevance considers local information.
The method outperforms existing approaches for link prediction in both weighted static
networks and multiplex networks. Finally, the authors in [74] proposed a topological
nearest-neighbours similarity method for directed networks. The method improves upon
the Sorensen index and its variants by accounting for the directionality of network edges.
The proposed method effectively combines local and global information of network nodes
by deriving the topological nearest-neighbours similarity index based on the Global Lo-
cal Hybrid Neighbors(GLHN ) similarity index. Empirical validation on real directed
network datasets demonstrates the superior performance of the proposed method, with
lower error, higher accuracy, and greater robustness compared to benchmark indices.
Although the proposed method shows promising results, future work can focus on ad-
dressing computational complexity challenges, exploring more efficient algorithms such
as DL, and further cleaning global node information to improve link prediction accuracy.
Yuliansyah et al.[264] address the cold-start problem in link prediction when new users
with limited information join a network. They propose a Degree of Gravity for Link Pre-
diction (DGLP) approach, inspired by Newton’s law of gravity, that considers the gravity
between node pairs and their common neighbours in a single-layer network. Evaluations
using multiple datasets and benchmark methods demonstrate that DGLP significantly
improves prediction performance, achieving higher AUC values and successfully predict-
ing the cold-start problem in 99.94 % of node pairs. However, the performance of DGLP
depends on the presence of cold-start issues in the network. The authors suggest future
research directions, including incorporating non-topological information and exploring
complementary combinations of node attributes and network-structural information to
predict future relationships.
Similarity Approaches using Random Walk

The connections between nodes can be modelled through the random walk [134], where
transition probabilities are used to determine the path a random walker would take from
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one node to another. Various link prediction metrics use random walks to compute node
similarities.

Nasri et al.[166] proposed a new approach for link prediction in multiplex networks using
topologically biased random walks (MLRW). They explored these methods to assess the
likelihood of a new connection in a target layer by considering inter- and intra-layer re-
lationships within the network. Bias functions were used to compute cross-layer weights
between layers, and these methods were evaluated on real-world datasets from various
social networks. Next, the author of [30] introduced the Mutual Influence Random Walk
(MIRW) algorithm for link prediction. In MIRW, the next node is selected based on its
impact on the current node and on the path’s effectiveness. The technique was evalu-
ated on 11 real-world networks and compared with existing local, quasi-local, and global
indices.

Similarity Approaches using Community Detection
Community detection involves identifying groups of nodes in a network that are more
closely connected than to the rest of the network. For example, detecting groups of people
with common characteristics such as university, age, country, or interests. This technique
helps predict missing links in the network, as a link is likely to exist between two nodes
if they belong to the same community. Using community detection as the initial step
in link prediction methods can yield more effective link representations than those from
similarity-based methods. The author in [232] implements a community information (CI)
based local similarity index for link prediction in large-scale networks using Spark GraphX
and a parallelization approach. They develop a family of nine Cl-based local similarity
indices, including Common Neighbors (CN), Salton (Sal), Jaccard (Jac), Sgrensen (Sor),
Hub Promoted Index (HPI), Hub Depressed Index (HDI), Leicht-Holme-Newman Index
(LHN), Adamic-Adar (AA), and Resource Allocation (RA). The authors combine the
similarity algorithm with a local index and use the parallel BGLL algorithm to discover
community networks in larger-scale networks. The model is evaluated on both small
and large datasets. On the other hand, In [119], the authors proposed to solve the link
prediction problem with a framework based on community detection and a similarity-
based approach.

They proposed community relationship strength (CRS) as a measure of community
proximity and included CRS alongside basic similarity indices. They used two traditional
algorithms to detect the community: FastQ and Louvain. These two algorithms are based
on modularity optimization. They used three traditional local similarity indices: Com-
mon Neighbors (CN), Adamic-Adar (AA), and Resource Allocation Index (RA). They
evaluated CRS-AA, CRS-CN, and CRS-RA on 12 networks and compared their results
with those of other link prediction methods. Singh et al.[206] present a new algorithm,
Community Link Prediction via Information Diffusion (CLP-ID), for predicting missing
links in networks. The algorithm is based on community detection and employs CD meth-
ods to determine the community structure of the networks using information diffusion.
They use the IC model to integrate the information diffusion model. Then, they compute
the overall index for each existing link and the likelihood score for each non-existing link.
Next, the authors proposed in [100] a new approach for link prediction in multiplex net-
works called Community-Guided Link Prediction based on External Similarity (CLPES).
The authors employ a more advanced MOEA /D-T'S algorithm for community detection,
which determines the network-layer ordering and generates IP using the Clustering Coef-
ficient metric. The proposed CLPES computes external similarity across network layers
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using a new external similarity metric (ExSim) and predicts internal links by considering
various intralayer features, such as the Jaccard coefficient, preferential attachment, and
Adamic-Adar while taking into account the community structure of the network. The
likelihood of connection development between nodes is determined by integrating these
processes.

In many real-world networks, community identification is a useful strategy for link
prediction, and combining it with other approaches can enhance performance.

Several studies have demonstrated that similarity-based link prediction approaches
can achieve high accuracy. These approaches can capture the global structure of the
network, thereby enhancing accuracy. In addition, these similarity approaches are both
efficient and low-cost, making them practical and cost-effective solutions for link predic-
tion. However, these approaches have limitations. The high time cost of the algorithms
can make them impractical for large or complex networks, while their sensitivity to noise
and sparsity can lead to inaccurate predictions. In social network analysis, the similar-
ity measure based on the number of common neighbours is often used as a first-order
heuristic function to predict potential friendship relations. It has been shown to achieve
satisfactory performance. However, this heuristic may be ineffective for protein-protein
interaction networks. In these types of networks, two proteins sharing many common
neighbours may still have a low probability of interacting, making this heuristic an unre-
liable predictor in this context. Also, many similarity indices, such as Common Neighbor
(CN) and Resource Allocation (RA) indices, are commonly used in link prediction for
static networks. However, these methods have a limited ability to handle high levels of
nonlinearity. Despite these limitations, similarity-based approaches remain highly desir-
able for many network analysis applications due to their high accuracy and efficiency.

1.2.4.2 Machine Learning

ML has been widely used for various tasks, such as text and image classification [106, 197].
It has also been applied to the problem of link prediction in networks. A common ap-
proach in MI-based link prediction is to use feature engineering to extract relevant fea-
tures from network data. These features are then used as input to a learning algorithm
to predict the probability that a link forms between two nodes. We classify approaches
to link prediction using ML into four categories: supervised, unsupervised, reinforcement
learning, and DL. This paper [138] presents NCSM (Node Centrality and Similarity-based
Parameterised Model), a novel link prediction method that addresses the limitations of ex-
isting models, such as Graph Convolutional Networks (GCNs), particularly in short-path
and ego networks. NCSM enhances prediction by integrating node centrality and similar-
ity as edge features within a custom Graph Neural Network (GNN) architecture, making
it the first parameterised GNN model to exploit topological information for this task.
Evaluated on five benchmark datasets, NCSM consistently outperforms state-of-the-art
models, including GCN and Variational Graph Autoencoder, across multiple metrics. Its
success is attributed to the innovative combination of centrality, similarity, and efficient
topology-aware design.

1. Supervised Learning
Supervised learning is an ML technique for binary classification problems, such as
link prediction. In this approach, a graph (E) is transformed into data points (x,
y), where each data point represents a pair of nodes. The data are labeled with a
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positive class label (+1) if a relationship exists between the nodes and a negative
class label (- 1) if no edge (link) exists between them. The labels of x and y are
defined as follows:

(r,y) eV
s(z,y) =< +1 if (z,y) € £
-1 if (x,y) ¢ E

Figure 1.4 depicts the typical workflow in many studies that use ML for link pre-
diction. First, we collect or select a correctly labelled database and partition it
into training and testing datasets. Next, we extract the features from the network
to describe each node pair. These features may include measures of similarity or
other domain-specific features. To obtain a trained model, a suitable ML algorithm
is selected and trained on the labelled training set to learn a function that maps
the features of a pair of nodes to the predicted probability of a link between them.
Finally, the test dataset is used to evaluate the trained model. Precision, recall,
and AUC metrics evaluate the model’s performance.

Support Vector Machine Approaches

In [199] also applied SVM, Random Forest, and AdaBoost algorithms to a multi-
plex network. This research employed hybrid approaches that combined local and
global similarity measures to construct feature vectors for node pairs. The feature
vector included common neighbourhood, node degree, and clustering coefficient,
as well as two new features, "neighbor friendship (FoN)” and "friendship in aux-
iliary layers (FAL),” which capture structural information across all layers of the
multiplex network. The feature vector was then fed into a classifier to predict the
relationships between pairs of nodes. The effectiveness of this method was eval-
uated by conducting experiments on six multiplex networks and comparing the
results with those of NSILR [258]. This approach demonstrated the benefits of
integrating structural information across all layers and avoiding parameter tuning.
On the other hand, in [68], a binary classification approach was applied to the ego
network in a social network. This approach extracts features such as age and loca-
tion from user profiles using homophily theory. This approach uses similarity-based
methods with various supervised learning algorithms, including Adaptive Boosting
(AB), Extremely Randomized Trees, GB, K-KNN, Linear Discriminant Analysis,
LR, NB, ANN, RF, SVM, and Extreme Gradient Boosting (XG). The proposed
method achieves the highest accuracy with Extreme Gradient Boosting. The ad-
vantage of this method is that it uses essential similarity information extracted from
user profiles, which cannot be deduced from the graph structure alone. However,
this information may not always be available or accurate, potentially affecting pre-
diction accuracy. Kumari [110] also employed ML algorithms such as SVM, KNN,
DT, RF, and ANN to predict links in network data by extracting features from
the network’s structural information. The study found that relying solely on a
similarity measure was insufficient to capture link information across all networks.
Therefore, network structure and individual features were considered for link pre-
diction. The authors evaluated the models on real-world networks. They found
that SVM performed better on the Dolphin, Facebook, and Hamsterster friendship
datasets, whereas random forest achieved higher accuracy on the email communi-
cation network. This approach’s benefits include the use of ML methods to extract
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characteristics from network-structure information. However, this approach consid-
ers only the static, unweighted network for link prediction and does not incorporate
content-based features.

Naive Bayes Approach

In [133], the authors proposed the Two Motif Naive Bayes (TMNB) model in the
sign network. The TMNB model extends the Single Motif Naive Bayes (SMNB)
model by combining information from two motif types and using the Maximal In-
formation Coefficient (MIC) matrix to identify relationships between motifs. The
proposed solutions were evaluated and shown to outperform existing methods. The
(SMNB) model considers the contribution of each neighbouring node or edge in
sign prediction.

XGBoost Classifier

This paper [56] presented the Self-Configured Framework (SCF) integrated with
Spark for enhancing link prediction in large-scale social networks. The SCF au-
tonomously configures the best settings based on the dataset size, workload, and
cluster specifications. It uses the XGBoost classifier to predict the optimal number
of executors per node. The framework demonstrates a 40 % reduction in prediction
time and balanced resource consumption, efficiently using limited clusters. The
SCF offers an advantage over manual configurations, improving performance and
prediction quality without requiring extensive hardware setup.

One advantage of the Supervised learning approach to link prediction in network
analysis is its ability to leverage a wide range of node and edge features and repre-
sentations, leading to more robust and accurate models. Another advantage is the
availability of several metrics, including precision, recall, F1-score, and ROC-AUC,
for evaluating the performance of supervised learning models.

However, supervised learning for link prediction has some drawbacks. A significant
issue is that building models via supervised learning is computationally expensive.
Another problem is that social networks grow, and classification models can become
outdated, necessitating frequent updates. Additionally, obtaining a large labeled
dataset is challenging and time-consuming. Furthermore, the quality and accuracy
of link prediction results depend critically on the quality of the features extracted
from the network. However, extracting high-quality features from the network can
be challenging and may require domain expertise and manual feature engineering.

In conclusion, despite its limitations, supervised learning remains a popular and
widely used technology for link prediction, offering precise predictions and strong
performance across diverse contexts.

2. Unsupervised Learning
Unlike supervised learning techniques, Unsupervised learning techniques use unla-
beled data. Muniz et al. [163] proposed the unsupervised link prediction Contextual-
Temporal-Topological (CTT) criterion based on a weighted concept. This weighted
concept focuses on three weighting criteria: Temporal-Topological, Contextual-
Topological, and Contextual-Temporal-Topological. The CTT criteria merge the
three weighting criteria, thereby differentiating them from other approaches that
use these criteria without combining them. Ghorbanzadeh et al.[67] proposed a
method to solve the problem of two nodes having no common neighbours, meaning
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Figure 1.4: Supervised and Unsupervised Learning Workflow Process.

that they are not always predictable to link in the future. They consider neighbour-
hood direction and the hub and authority of neighbours. The performance of this
method was evaluated using both supervised and unsupervised prediction models
and compared with several widely used baselines, including Node2Vec, DeepWalk,
LINE, and M-NMF.

K-means

Mavromatis et al.[148] applied the popular unsupervised learning algorithm K-
means using a graph representation learning method called Graph InfoClust (GIC).
The K-means algorithm was used to compute clusters by maximising simultaneous
mutual information. The performance of GIC was compared with other unsuper-
vised methods, including Deep Graph Infomax, Variational Graph Auto-Encoders,
Adversarially Regularised Graph Autoencoder, DeepWalk, Deep Neural Network
for Graph Representation, and Spectral Clustering.

3. Deep Learning (DL)
DL has garnered significant attention recently due to its effectiveness in solving a
range of problems, including link prediction. The DL approach is an automated
learning technique that uses neural networks to extract the most informative fea-
tures from structural and content information for link prediction. Unlike other
supervised learning methods, DL overcomes limitations in feature extraction by
performing this task automatically.

Zhang et al.[268] introduced the Weisfeiler-Lehman Neural Machine (WLNM), a
DL approach for link prediction. The WLNM method uses a fully connected
neural network to identify local enclosing subgraphs around links that are highly
correlated with link presence. By using these subgraphs as training data, this
technique has achieved impressive results in link prediction, outperforming state-
of-the-art methods. Subsequently, they proposed also [269] SEAL, a novel link
prediction method. This later method addresses limitations of the previously pro-
posed Weisfeiler-Lehman Neural Machine (WLNM) method [268]. SEAL improves
upon WLNM by using a GNN instead of a fully connected neural network to learn
graph-structural features from local enclosing subgraphs. This enables SEAL to
learn from latent and explicit node attributes in addition to subgraph topologies.
To demonstrate the ability to unify various high-order heuristics, SEAL presented
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a a-decaying theory. The method was tested on eight datasets and compared with
different heuristics, latent feature techniques, and network embedding algorithms.
Chen et al. [48] introduced an encoder-LSTM-decoder (E-LSTM-D) model for
link prediction in dynamic networks. The key innovation of the method is the
integration of structural and temporal features within a single framework. The au-
thors employ an encoder-decoder to automatically describe the network and use an
LSTM to capture its temporal evolution by stacking and representing a sequence of
graphs. The model’s effectiveness was evaluated using a newly developed error rate
metric. The results demonstrate that the E-LSTM-D model effectively addresses
the challenges posed by high dimensionality, nonlinearity, and sparsity in dynamic
network link prediction, owing to its encoder-decoder architecture. On the other
hand, Rossi [186] proposed using Temporal Graph Networks (TGNs) with DL tech-
niques for dynamic link prediction. To balance parallel processing efficiency with
the ability to learn from the sequentiality of the input, the authors propose a novel
training method, TGN. TGNs can memorise long-range dependencies among nodes
in the graph. The authors comprehensively studied various framework components
and evaluated the trade-offs between speed and accuracy. The performance of
the proposed models was compared with static and dynamic baseline models. In
their study, Snakar et al. [192] presented a new neural network architecture called
the Dynamic Self-Attention Network (DySAT). This approach captures a node’s
temporal dynamics and structural neighbourhoods in a combined self-attentional
representation. The authors aimed to learn low-dimensional vectors that describe
the structural properties of a node and its surroundings. To evaluate the perfor-
mance of DySAT, the authors tested it on four real-world datasets. They found
that it outperformed existing state-of-the-art static and dynamic graph embedding
baselines. Keikha et al. [103] proposed the DeepLink framework for link prediction
in social networks. The framework utilises DL to extract target features from both
the content and the structure information of nodes. First, a Word2Vec framework
is used to learn structural feature vectors for nodes, and then a Doc2Vec algorithm
is applied to learn content feature vectors for each node. Finally, the weight vec-
tors of structure and content information are aggregated into a single vector. The
effectiveness of DeepLink was evaluated on the Telegram and irBlogs networks and
compared with other link prediction methods.

In [38], the authors address the limitation of information loss in layers of graph
pooling in graph neural networks. They propose a solution that learns the features
of the target link directly, rather than extracting features from the entire enclosing
subgraph. To facilitate this, the original graph is transformed into a line graph,
enabling efficient feature learning. The proposed model is evaluated against the
baseline techniques on 14 datasets. Zulaika et al. [285] proposed a Link Weight Pre-
diction Weisfeiler-Lehman (LWP-WL) method. Inspired by the Weisfeiler-Lehman
Neural Machine, LWP-WL extracts an enclosing subgraph around the target link
and applies a graph labelling algorithm to create an ordered subgraph adjacency
matrix. Then, this matrix is fed into a neural network, which includes a Convolu-
tional Neural Network (CNN) layer with specialised filters designed for the input
graph representation. Extensive evaluations demonstrate that LWP-WL outper-
forms state-of-the-art methods across a range of weighted graphs. Additionally, an
ablation study is conducted to showcase the performance improvement achieved by
incorporating different features into the approach.
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DL in link prediction presents several key advantages. Firstly, DL models excel
at capturing intricate patterns in network data by automatically extracting mean-
ingful features, eliminating the need for manual feature engineering and reducing
analysis effort. They demonstrate remarkable scalability, capable of handling large-
scale networks with millions or billions of nodes and edges, enabling the analysis of
massive datasets. Moreover, DL models effectively capture non-linear relationships
between nodes, enabling accurate predictions within complex network dynamics.
Additionally, techniques such as Long Short-Term Memory (LSTM) enable the
modelling of the temporal evolution of networks by stacking and representing se-
quences of graphs. This enables accurate link prediction by accounting for the
evolving relationships among nodes over time.

However, it is important to consider certain drawbacks. DL models typically require
substantial labeled data for effective training, which can be challenging to obtain.
Training deep neural networks can be computationally intensive, requiring signifi-
cant computational resources. The interpretability of DL models is limited, posing
challenges in understanding the rationale behind their predictions. Overfitting is a
potential concern, particularly when working with limited or imbalanced training
data. The effectiveness of DL models relies heavily on diverse and representative
training data, as biased or limited data can lead to poor generalization.

In summary, DL in link prediction offers advantages in capturing complex pat-
terns and scalability. However, it is crucial to address challenges such as data
requirements, computational complexity, interpretability, overfitting, and the need
for diverse training data to enable successful application to link prediction tasks.

Graph Neural Network (GNN)

A Graph Neural Network is a ML model that applies an optimized transformation
to all graph attributes, including nodes, edges, and global-context information.
This transformation is designed to preserve graph symmetries, such as permutation
invariance, which are important for accurately representing and analyzing graph
data.

In the field of DL, GNNs are a type of method specifically designed to operate on
graph structured data. GNNs aim to effectively integrate feature information and
graph structure to learn improved node representations through feature propaga-
tion and aggregation. GNNs aim to learn a low-dimensional vector representation
for each node in the graph. ”The goal of GNNs is to iteratively update the
node representations by aggregating the representations of node neigh-
bours and their own representation in the previous iteration.” from the
book Graph Neural Networks: Foundations, Frontiers, and Applications[245].

Graph Neural Networks (GNNs) can be viewed as methods for learning node em-
beddings by iteratively aggregating information from a node’s local neighbourhood.
In each iteration, the first information is learned about the direct neighbours, fol-
lowed by the neighbours of the neighbours, and so on. There are various types
of GNNs, each with its own unique update and aggregation functions. The three
most common tasks GNNs perform are downstream graph analysis and prediction
at the node, edge, and graph levels. A simple representation of the GNN process
is depicted in Figure 1.5.
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Figure 1.5: The Graph Neural Network Workflow Process

Several techniques for neighbour embeddings in GNNs have been proposed. Kipf
and Welling present the first notable work in this area in [105], where they proposed
aggregating neighbour information as a normalized sum of states, and incorporated
the update operation into this aggregation by adding a self-loop for specific nodes.
Another popular technique is using a Multi-layer Perceptron (MLP) for aggrega-
tion [266]. This involves using a feed-forward network to perform the aggregation
operation, with weights optimized to achieve the best aggregation of neighbouring
states. Gated Graph Neural Networks [122] use an attention mechanism in the ag-
gregation process, considering the importance of the neighbouring node’s features.
This results in an updated embedding that contains more information about the
neighbour’s features. These networks use a recurrent unit to update the state iter-
atively over time.

In a new study presented in [37], a novel node aggregation method was proposed
to transform the enclosing subgraph into different scales while preserving infor-
mation. The multi-scale approach used subgraphs at different scales to extract
graph-structural features and was evaluated on 14 datasets across various fields. In
the field of heterogeneous graph analysis, a new model, the Metapath Aggregated
Graph Neural Network (MAGNN), was proposed in [65]. This model addresses
three limitations of previous models: omitting node content features, discarding
intermediate nodes along the metapath, and considering only a single metapath.
MAGNN combines structural and semantic information from neighbouring nodes
and metapath context to generate final node embeddings using an attention mech-
anism for intra-metapath aggregation. The effectiveness of MAGNN was evalu-
ated on three real-world heterogeneous graph datasets for tasks such as node clus-
tering, link prediction, and node classification. In [47], the authors presented a
new approach to graph analysis by representing the problem as a graph convolu-
tional network. They proposed a novel multi-level graph convolutional network
(MGCN) to uncover the embeddings of each network. The authors introduced a
new paradigm that integrates multi-level graph convolutions into both the local
network and hypergraph structures. They presented several solutions, including
network splitting and space reconciliation, to manage the dispersed training pro-
cess and to make their proposed framework scalable for large-scale social networks.
The paper [81] introduced CPAGCN (Community Preserving Adaptive Graph Con-
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volutional Networks), a novel method for link prediction in attributed networks.
CPAGCOCN effectively integrates attribute and link information by using the AGCN
(Adaptive Graph Convolutional Networks) algorithm for network embedding. It
incorporates a community detection model to preserve the community structure
within the node representations. The link prediction module employs a multi-
layer perceptron (MLP) to learn prediction scores for potential links directly. Ex-
perimental results on real-world attributed networks demonstrate that CPAGCN
outperforms state-of-the-art methods in link prediction. In [254], the authors ad-
dress the challenge of link prediction in complex, dynamic networks by proposing
a novel approach, STEM-GCN. STEM-GCN is a gated graph convolutional net-
work incorporating spatiotemporal semi-variogram analysis to capture spatial and
temporal correlations. It introduces a correlation-smoothing strategy to improve
prediction accuracy and reduce noise. STEM-GCN effectively captures network
dynamics across consecutive time steps using stacked memory-cell structures. Ex-
perimental results demonstrate that STEM-GCN outperforms existing methods,
showcasing its potential to uncover evolving mechanisms of real-world dynamic
networks. In [267], the authors proposed ComplexGCN, a novel extension of graph
convolutional networks (GCNs) in complex space for knowledge graph embedding.
ComplexGCN utilizes complex-valued embeddings and paratuck2 decomposition-
based scoring function to enhance representation quality and predict missing links
in knowledge graphs. The model outperforms existing methods on standard link
prediction datasets. It introduces complex graph convolutional layers and resid-
ual connections to preserve initial embedding information. The paper referenced
by [150] introduces DATGN, a novel model for link prediction in dynamic graphs.
DATGN addresses the limitations of existing methods by accounting for nodes’ lo-
cal time-space environments. It utilises an activity-based sampling algorithm and a
global attention network to aggregate information across the entire dataset. Addi-
tionally, a local attention network aggregates information from sampled sequences.
Experimental results show that DATGN outperforms state-of-the-art models in
both accuracy and efficiency, particularly on the inductive link prediction task.
The local spatial-temporal network layer captures evolutionary patterns, improv-
ing link prediction accuracy. The study presented in [157] introduces LCILP, a
novel strategy for inductive link prediction in Knowledge Graphs. LCILP used a
Personalized PageRank (PPR)-based local clustering technique to sample tightly
related subgraphs around target links, thereby improving the capture of meaningful
local context. The approach employs a GNN-based model for reasoning over the
extracted subgraphs. Experimental results demonstrate the superior performance
of LCILP compared to state-of-the-art models on three benchmark datasets. The
study also explores the relationship between graph properties, such as average clus-
tering coefficient and average node degree, and the effectiveness of link prediction.
Huang et al.[89] proposed a novel approach called Temporal Group-Aware Graph
Diffusion Network (TGGDN) for dynamic link prediction. The TGGDN incorpo-
rates a group affinity matrix to capture mutual interactions between neighbours and
integrates it into the graph diffusion process to simultaneously capture group and
long-distance interactions. Additionally, a transformer block with self-attention is
employed to model the temporal information and enhance interpretability. Exper-
imental results on real-world datasets of varying sizes demonstrate that TGGDN
outperforms state-of-the-art methods, achieving significant improvements in terms
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of accuracy (ACC) and area under the curve (AUC). The proposed method shows
promise in dynamic link prediction tasks, and future work aims to address scalabil-
ity for large-scale dynamic networks. In [270] proposed a novel approach, IEA-GNN
(Anchor-aware Graph Neural Network fused with Information Entropy), to address
the limitations of existing methods in capturing global location information and
distinguishing located nodes in graphs symmetrically. TEA-GNN computes node
information entropy and constructs candidate anchor-point sets to capture relative
inter-node distances. It uses a nonlinear distance-weighted aggregation learning
strategy based on these anchor points to enhance node feature information and
improve discrimination between homogeneous neighbourhood nodes. The model
avoids aggregating anchor points and highlights positional differences by select-
ing anchor points based on information entropy. Experimental results on multiple
datasets demonstrate that IEA-GNN outperforms baseline models in node classifi-
cation and link prediction tasks. However, the model’s performance may be affected
by over-aggregating nodes, an issue that could be addressed in future research to
improve generalization. In [276] introduce an end-to-end link prediction method
for heterogeneous networks, leveraging metapath projection and semantic graph
aggregation. This approach learns node pair embeddings from different metapaths,
projecting the network into multiple semantic graphs and employing a graph neu-
ral network. A semantic aggregation module combines node pair embeddings using
an attention mechanism. Experimental results demonstrate the method’s superior
accuracy compared to competing approaches.

Graph Neural Networks (GNNs) offer significant advantages for link prediction by
capturing and leveraging the underlying structural information of a graph. GNNs
excel at extracting complex features from graph structures, thereby enabling accu-
rate predictions. For example, Cai et al. [37] introduced a multi-scale approach
that leverages subgraphs at different scales to extract graph-structural features,
thereby improving link prediction performance.

Another advantage of GNNs in link prediction is their ability to handle sparse
graphs effectively. Traditional methods often struggle with sparse graphs because
they rely on explicit features for each node and edge. However, GNNs can utilize the
graph structure itself as an implicit feature, making them particularly effective in
sparse graph scenarios. This advantage has been demonstrated in various studies,
including that of Huang et al.[89], in which the Temporal Group-Aware Graph
Diffusion Network (TGGDN) successfully addressed dynamic link prediction tasks
on real-world datasets.

Despite these advantages, GNNs also have limitations in link prediction. Scala-
bility to massive graphs is one such limitation, as the computational and memory
requirements of GNNs can become prohibitive. This challenge has been addressed
in studies such as [47], which proposed a multi-level graph convolutional network
(MGCN) to manage the dispersed training process and enhance scalability for large-
scale social networks.

Another limitation is the risk of overfitting to small, noisy datasets, which can
negatively affect link prediction performance. To mitigate this, techniques that
incorporate temporal information have been introduced. For instance, STEM-GCN,
proposed by the authors in [254], integrates spatiotemporal semi-variogram analysis
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to capture spatial and temporal correlations, thereby improving prediction accuracy
and reducing noise in dynamic networks.

In summary, GNNs offer advantages in capturing structural information and han-
dling sparse graphs in link prediction. However, scalability to large graphs and the
risk of overfitting should be carefully considered. Incorporating temporal informa-
tion can further enhance link prediction accuracy in dynamic networks.

4. Reinforcement Learning (RL)

RL is a method used in ML where programs, called agents, interact with both fa-
miliar and unfamiliar environments while continually adapt and learn depending
on the grants received as points (positive or negative) for their job performance.
These points can be positive or negative, and they are, respectively, labeled as
rewards or penalties [156]. In link prediction, an agent can be trained to explore
a network, collect information about nodes and edges, and then use this data to
predict which links are likely to exist. The agent receives rewards when it cor-
rectly anticipates links, and penalties when it makes errors. The problem with the
use of ML techniques such as support vector machines and Naive Bayes classifiers
depend on the availability of large datasets for training. For this reason,Lim et
al. [127] proposed a deep reinforcement learning (DRL)-based criminal network
link prediction model and compared it with a gradient boosting machine (GBM) in
ML, using a relatively small dataset. The DRL model transformed a graph dataset
into a feature matrix for each pair of nodes and used Jaccard, Adamic, and Adar
as the layer inputs, with the SNA metrics of the hub index and preferential at-
tachment index serving as weights for the hidden layer. The results showed that
the DRL model achieved higher AUC scores (0.85, 0.82, and 0.76) than the GBM
models of JUANES, MAMBO, and JAKE. Later, the same authors [126] applied
a reinforcement learning algorithm to a temporal dataset for a criminal network
and found that the time-based link prediction model (TDRL) has higher prediction
accuracy than the previous DRL model. In another study [125], two methods were
compared for link prediction on a small dataset generated via self-simulation. One
method used a model without a meta dataset (CNA-DRL), while the other used a
meta dataset (MCNA-DRL) to improve performance. The results showed that the
MCNA-DRL model achieved an AUC score of 79 %, while the CNA-DRL model
achieved a score of 70%. Tao et al. [215] also tackled the problem of temporal link
prediction in a dynamic knowledge graph (KG) using reinforcement learning models
and presented a novel policy network that could learn predictable evolutionary pat-
terns. An update system was also proposed to enable the agent to adapt to changes
in the KG without retraining. Next, the authors of [49] proposed an approach to
link prediction, RLPath, that combines representation learning and reinforcement-
learning-based attentive relation paths. The approach learns relation routes via
reinforcement learning using a Markov Decision Process (MDP) model with two
agents: a relation agent that chooses relations and an entity agent that chooses en-
tities, both represented by policy networks. The comparison results with the most
advanced link prediction techniques demonstrate the competitive performance of
RLPath.
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1.2.4.3 Dimensionality Reduction

In the context of link prediction, graph dimensionality reduction is an important task.
High-dimensional data can be challenging to process and analyze, especially large-scale
datasets. By reducing the dimensions, the data can be simplified, making it easier to
work with. This can lead to faster and more efficient processing and improved model
accuracy. This section summarizes the three main approaches for reducing the dimen-
sions of graphs. The first approach, known as Embedding Methods, involves mapping the
graph’s information to a lower dimensional space while preserving its structural informa-
tion and components. The second approach is matrix factorization, where the graph is
represented as a matrix and then factorized to obtain the node embedding vectors. The
third approach, graph neural networks, also focuses on dimensionality reduction. It was
already presented in the ML section 1.2.4.2, allowing for a comprehensive explanation of
all ML techniques.

1. Embedding based Methods
The network embedding approach maps network nodes to low-dimensional vectors,
preserving their neighbourhood structures and enabling the learning of informa-
tive features from the graph. To be more precise, the primary objective of node
embedding techniques is to transform the original high-dimensional node repre-
sentations into lower dimensions, so that nodes that exhibit similar features in
the original network are mapped to proximity in the embedded space. In [60], a
framework for joint link prediction and network alignment is presented to improve
the recall for both tasks. A cross-graph embedding technique based on structural
and topological neighbours was developed to effectively embed nodes from separate
graphs. This approach is based on random walks, and a new formula is proposed
to support network alignment. The experimental results show that the proposed
approach outperforms state-of-the-art methods in both link prediction accuracy
and network alignment quality. One advantage of this work is its applicability to
network alignment in scenarios where the degree scatter plot is narrow or attribute
information is unavailable. The study presented in [246] proposes a novel link pre-
diction method for social networks. It addresses the complexity of network features.
The technique leverages network embedding to represent the network structure as
low-dimensional vectors, capturing spatial relationships and user relevance. Addi-
tionally, word-embedding models are employed to convert user text into vectors,
accounting for the diversity and complexity of text semantics. To account for the
dynamic nature of user behaviour, a time-decay function is applied to quantify the
impact of user text on link establishment. To simplify the complexity, the top-k
relevant users are selected for each user. Moreover, an attention mechanism is in-
corporated into a convolutional neural network to better capture user interests in
text data. By integrating and analyzing structural and text features, the proposed
method achieves the objective of accurately predicting links in social networks. In
two articles, the DeepWalk method is adapted for link prediction. The first arti-
cle [167] focuses on protein-protein interactions, while the second [31] focuses on
social networks. Nasiri presented a novel embedding-based approach to link pre-
diction in protein-protein interactions. The author proposes using the DeepWalk
algorithm, a graph embedding method that leverages random walks as a similar-
ity measure, to address nonlinearity. The DeepWalk algorithm is modified using
a feature selection-based approach to generate graph embeddings. The results are
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compared with those obtained using other embedding methods, including node2vec,
DeepWalk, Line, and GraphSAGE. The authors of [1] proposed a model for signed
graphs in which positive and negative links provide insights into user associations.
The authors address the challenges posed by imbalanced class distributions and hid-
den community structures, which are often overlooked in existing methods. They
propose an ensemble framework, eNeLp, comprising a network-embedding phase
and a classifier-prediction phase, to leverage hidden network communities for pre-
dicting negative links. The framework incorporates techniques such as community
generation, optimization, probabilistic network embedding, and classifier predic-
tion. Extensive experimental evaluation demonstrates the promising performance
of eNeLp in terms of pertinency, robustness, and scalability. Barracchia et al.[26]
proposed the LP-ROBIN method, which used incremental embedding based on a
random walk to capture network dynamism and predict new links. LP-ROBIN can
handle the addition of new nodes over time without prior knowledge. When new
data arrive, LP-ROBIN updates the model by learning embeddings for new nodes
and links, and by updating the latent representations of existing ones. Experimen-
tal results demonstrate that LP-ROBIN achieves superior performance in terms
of AUC and F1l-score, outperforming baselines, static node embedding methods,
and state-of-the-art dynamic node embedding methods. The paper cited by [281]
introduces NNWLP, a network-embedding-based method that leverages natural
nearest neighbours to improve link prediction accuracy. Unlike existing methods
that select neighbour nodes with equal probability, NNWLP leverages the network
features to find the nearest neighbours. The clustering coefficients are used to as-
sess the contributions of nearest-neighbour and direct-neighbour nodes, yielding
node sequences and forming node vectors. These node vectors are then converted
into edge vectors and used for link prediction. Experimental results demonstrate
that NNWLP effectively utilizes neighbour information and significantly enhances
link prediction accuracy. In the paper referenced by [41], the authors introduce
LRNP (Low-Rank Network Projection), a novel link prediction algorithm. LRNP
is designed by leveraging optimal interactive coefficients derived from solving the
objective function, and it uses the adjacency matrix of a fully connected network
as the base matrix to capture local structures in observed networks. Experimental
findings demonstrate that LRNP surpasses existing state-of-the-art methods re-
garding link prediction accuracy. In [113], the authors introduce Rotate4D, a novel
model for knowledge graph embedding that performs 4D rotations in quaternion
space using a special orthogonal group. By embedding entities in quaternion space
and applying rotations, the model improves link prediction performance on stan-
dard datasets compared to existing models. The Rotate4dD model utilizes group
theory and quaternion scaling to represent rotations and handle hierarchical rela-
tions efficiently. Experimental results demonstrate significant improvements across
various evaluation metrics, including MRR and Hits@k. The paper suggests fur-
ther exploring group-like structures, and their combination with neural networks
can enhance link prediction in quaternion and octonion spaces. With a line graph,
In [272], they proposed the Line Graph Contrastive Learning (LGCL) method for
link prediction tasks. LGCL addresses information loss and limited generalization
in similarity-based approaches by leveraging h-hop subgraph sampling and line
graph transformation. The link prediction task is transformed into a node classifi-
cation task using graph convolutional networks, thereby enhancing edge-embedding
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learning. A cross-scale contrastive learning framework is introduced to maximize
the mutual information between line graphs and subgraphs, integrating structural
and feature information. Experimental results demonstrate that LGCL outper-
forms existing methods, offering better generalization and robustness.

The random walk-based embedding approach for missing link prediction offers sev-
eral advantages, including simplicity and computational efficiency, making it a
suitable method for large-scale networks. The approach has been shown to perform
well on homophilic networks, where nodes are linked to similar ones, and to capture
non-linear relationships. However, a challenge for this approach is its accuracy in
predicting links for nodes with high centrality. These nodes tend to have complex
connectivity patterns and numerous connections to other nodes.

2. Factorization-Based Methods
Factorization-based methods are a commonly used set of techniques for link pre-
diction. These methods use matrix factorization, a technique that partitions a
matrix into smaller matrices, to capture the latent representations of nodes in a
graph. With these representations, predictions of missing links can be made ef-
ficiently. Chen et al.,[45] proposed two approaches for link prediction, NMF-AP
[45] and MS-RNMF [46]. NMF-AP combines the information from both local and
global network structures by using PageRank to determine the impact score of
nodes, which reflects the whole network structure, and the asymmetric link cluster-
ing coefficient approach to obtain local information. The performance of NMF-AP
was evaluated on ten networks and compared with other methods. NMF models
with a single layer map the original network and its corresponding low-dimensional
latent space. However, the technique is limited in its ability to uncover hidden
multi-layer information in complex networks, such as biological, social, and trans-
portation networks, which contain hierarchical structures with implicit lower-level
features. On the other hand, MS-RNMF uses the heat kernel method to mea-
sure local similarity and the k-medoids algorithm to capture global information
about the network structure. The non-negative matrix factorization model in MS-
RNMF is regularized using manifold regularization and sparse learning techniques,
which reduces random noise and spurious links. This model was evaluated on seven
networks using various metrics and parameters, and the results showed superior
performance compared with other methods, particularly for weak, sparse networks
and in the presence of random noise. Additionally, In[44] | they introduced the Fus-
ing Structure and Sparsity-constrained via Deep Non-negative Matrix Factorization
(FSSDNMF) approach to address this issue. To extract topological details of each
hidden layer, the common-neighbour approach was employed to compute similarity
scores and to translate them into a multi-layer low-dimensional latent space. The
authors eliminated random noise by jointly using the 12,1-norm restricted factor
matrix at each hidden layer. In this article [214], the authors address the challenge
of cold-start link prediction, where the network structure contains isolated nodes.
They propose a multi-nonnegative matrix factorization model that integrates three
types of information: community membership, attribute similarity, and first-order
structure characteristics. The proposed model successfully predicts missing edges
in the disconnected network structure by leveraging these multiple perspectives.
This article [144] also presents a novel approach called GNMFCA (Graph Regu-
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larized Nonnegative Matrix Factorization Algorithm) for temporal link prediction
in directed temporal networks. The proposed algorithm incorporates both local
and global information from temporal networks by using PageRank centrality and
the asymmetric link clustering coefficient. Graph regularization is employed to
capture local information within each network slice, whereas PageRank centrality
measures node importance, capturing global information. By jointly optimizing
these factors in a nonnegative matrix factorization model, the GNMFCA model
simultaneously preserves local and global information. The paper also introduces
effective multiplicative updating rules for solving the model and provides a con-
vergence analysis of the iterative algorithm. Experimental results on artificial and
real-world temporal networks demonstrate that the GNMFCA outperforms exist-
ing temporal link prediction algorithms. Yang et al.[256] introduced a novel anchor
link prediction method, Multiple Consistency (MC), that leverages interlayer and
intralayer structures to improve performance. The MC method iteratively leverages
interlayer structural information and employs matrix-factorization-based network
representation learning to capture global structural features of nodes. It further
trains a radial-basis neural network as a mapping function to align embedding vec-
tors across different spaces. The method predicts anchor links between node pairs
by considering interlayer and intralayer structures. Experimental results demon-
strate the superiority of the proposed approach over existing methods. Agibetov
et al. [6] introduced an enhanced approach to learning neural graph embeddings
by incorporating information from unlikely node pairs, addressing the limitation
of traditional methods that truncate such information. Experiments on various
networks demonstrate that the proposed approach yields significant improvements
in link prediction performance over baseline methods. The research sheds light on
the relationship between skip-gram powered neural graph embeddings and matrix
factorization, revealing that the accuracy of graph embeddings in link prediction
depends on the transformations applied to the original graph co-occurrence ma-
trix. Notably, smoothing low-frequency pair entries rather than truncating them
yields better performance. The findings contribute to a deeper understanding of
graph embedding algorithms and provide insights for the design of future matrix-
factorization-based approaches.

Factorization matrix methods can enhance network structure analysis by removing
random noise and identifying multiple link types, improving prediction accuracy.
Integrating global and local structure information also helps reduce the impact of
random noise. However, a limitation of using matrix factorization for link predic-
tion is that it relies on accurately representing the observed network as a low-rank
matrix, which may be infeasible for networks with complex structures. Further-
more, the technique requires substantial computational resources and may lead to
overfitting if not properly controlled, particularly in large-scale networks. These
challenges make matrix factorization difficult for link prediction in real-world dy-
namic networks.
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1.2.4.4 Other Methods

In this section, we summarize the articles using different methods and approaches.
In [160], the authors proposed the QLP quantum algorithm for path-based link pre-
diction across diverse networks. QLP encodes prediction scores for both even and
odd-length paths using a controlled continuous-time quantum walk. Through classi-
cal simulations, it demonstrates comparable performance to established path-based
predictors. The proposal highlights the potential of QLP to achieve a quantum
speedup in link prediction, distinguishing it from conventional methods by utilizing
quantum computing techniques for calculations and predictions. Kumar et al.[108]
proposed a novel strategy for link prediction using Quantum Kernel-enhanced ML
models that incorporate local and global information for feature generation. The
aim is to develop a quantum-assisted feature-based approach that combines Pro-
jected Quantum Kernel (PQK) with ML models to improve prediction performance.
By leveraging high-dimensional Hilbert spaces and a mathematical structure sim-
ilar to quantum mechanics, the proposed approach enhances data for more accu-
rate link prediction. Experimental results show that the quantum-enhanced mod-
els, such as PQK-neural networks and PQK-Random Forest classifier, outperform
the corresponding classical ML. Comparative analysis of dynamic datasets demon-
strates the superiority of the quantum-assisted methodology over individual link
prediction approaches and state-of-the-art methods. The article [244] focused on
temporal link prediction (TLP) and the need for high-accuracy white-box meth-
ods to explain the mechanisms of network evolution. Existing black-box models,
such as network embeddings and graph neural networks, provide high prediction
accuracy but lack interpretability. To address this limitation, the authors propose
the Develop-Maintain Activity Backbone (DMAB) model, which models node dy-
namics at the microscopic level to predict future links. The DMAB model extracts
and quantifies two dynamic properties of nodes: activity and loyalty. Comparative
experiments with state-of-the-art black-box methods demonstrate excellent predic-
tive performance and DMAB’s ability to capture mechanisms of network evolution.
The study highlights the effectiveness of accounting for node dynamics in under-
standing the temporal network’s dynamic link generation process. It emphasizes
the need for further exploration of mechanisms of temporal network evolution. In
[207],they introduced a fuzzy-based link prediction algorithm, FLP-ID, designed to
address the challenges of accuracy and efficiency in growing and multiplex social
networks. FLP-ID considers critical factors such as different interaction channels,
information diffusion, and group norms to form new connections. The algorithm
generates a multiplex network by combining various relationship types and iden-
tifies the community structure. It computes node and relative relevance based on
fuzzy criteria and group norms. By calculating the likelihood score of each non-
existing link, FLP-ID predicts missing links with improved accuracy compared to
crisp algorithms. Zheng et al. [277] proposed an explainable friend link recom-
mendation method that leverages fusion embedding of heterogeneous context in-
formation. It integrates user content interests and external knowledge semantics to
develop a fusion user embedding method. Using collaborative neighbourhood atten-
tion mechanisms, the method calculates direct and indirect similarity relationships
between user pairs. It also incorporates a hybrid personalized and neighbour atten-
tion model for friend link prediction. The proposed method predicts users’ friends
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and explains the link prediction results. In their study, [248] proposed a novel
approach to improve link prediction accuracy by combining different link predic-
tion methods. They comprehensively analyzed the hybrid method and introduced
the Precision-Noise Ratio (PNR) metric to evaluate the accuracy of uncertain link
predictions. They developed a scalable and parameter-free algorithm based on
posterior Bayesian estimation to combine different methods. The results showed
that the PNR-based combination outperformed traditional combination methods
regarding prediction accuracy. Additionally, the proposed approach offered a gen-
eral and efficient framework for integrating various existing link prediction methods
without increasing computational complexity. The effectiveness and efficiency of
the strategy were validated through extensive experiments on real datasets. This
research provides valuable insights and opens opportunities to enhance link predic-
tion systems by combining existing methods. The article [54] introduced a novel
causal model called causal lifting for link prediction tasks with path dependencies,
where the outcome of link interventions depends on existing links. Existing causal
models are unsuitable for such scenarios because they struggle to identify causal
effects or require many control variables. Causal lifting addresses this by allowing
the identification of causal link prediction queries using limited intervention data.
The article also investigates the use of structural pairwise embeddings, which offer
lower bias and better capture the causal structure than traditional node embedding
methods such as GNNs and matrix factorization.

1.2.5 Discussion

This section provides a comprehensive comparison of link prediction methods, including
similarity-based approaches, ML techniques, DL models (Graph Neural Networks), and
dimensionality reduction methods.

Similarity-based methods, which solely rely on the network’s structure, offer simplicity
and interpretability. They excel in scenarios where nodes with similar network neigh-
bourhoods are likely to form links. For instance, users with common friends may be
more likely to become friends on social networks. The input to similarity-based methods
comprises the network’s adjacency matrix or edge list, which represents the connections
between nodes. The output of these methods is a similarity score or ranking that indi-
cates the likelihood of a link between pairs of nodes. However, these methods may not
fully capture complex global network dynamics, limiting their applicability in some cases.

ML techniques provide greater flexibility by incorporating network structure, node at-
tributes, and contextual information. The inputs to ML methods include the network’s
adjacency matrix or edge list, along with any available node attributes or features. These
attributes can be node characteristics, such as age or location, used to enrich information
for link prediction. By leveraging this additional information, ML methods can capture
more intricate relationships, making them well-suited for diverse networks. The output
of these methods is a predictive model that can be used to infer potential links between
nodes in the network. However, these methods often require a considerable amount of
labeled data for training the predictive model, which may not always be available. Ad-
ditionally, the increased complexity introduced by node attributes and DL models can
make the resulting models less interpretable than simpler methods.
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Dimensionality reduction methods aim to reduce the dimensionality of the input data
while preserving essential network properties. The input of these methods is typically
the network structure represented as an adjacency matrix or a graph. Some dimension-
ality reduction techniques, such as matrix factorization, embedding-based methods, and
graph neural networks, can incorporate node attributes as additional input. The output
of dimensionality reduction methods is a lower-dimensional representation of the network,
often referred to as embeddings. These embeddings capture the essential information of
the network in a reduced space. However, the interpretability of the embeddings may be
limited. As the original node features are abstracted into lower-dimensional representa-
tions, it becomes challenging to directly interpret the meaning of individual dimensions
in the embedding space. Therefore, while dimensionality reduction methods offer compu-
tational efficiency and robustness for large networks, the interpretability of the resulting
embeddings should be considered when analyzing link prediction results.

After selecting suitable input and output configurations for link prediction methods,
it becomes important to consider the availability of computational resources, particularly
when using GNNs and DL models. These advanced techniques often require substantial
computational power and may even require specialised hardware for efficient training and
inference.

Each method has advantages and limitations, and the choice of method should be
carefully considered in light of the network’s characteristics and the application domain.
Similarity-based methods may be appropriate for smaller networks with well-defined com-
munity structures, owing to their simplicity and interpretability. On the other hand, for
larger and more complex networks with available node attributes, ML or GNN-based
approaches could be preferred to capture intricate relationships and patterns.

1.2.6 Trends and Gaps

In addition to providing a comprehensive overview of existing link prediction methods,
it is essential to discuss field trends and the gaps requiring further investigation. This
section examines trends observed in link prediction research with respect to Attributes,
Network Type, and Algorithms.

1.2.6.1 In terms of Attributes

One significant trend in link prediction is the increasing emphasis on integrating node
and edge attributes. While traditional link prediction methods primarily rely on network
topology, researchers have recognized the importance of incorporating additional infor-
mation to improve prediction accuracy. Researchers aim to capture the diverse factors
that influence link formation in real-world networks by considering attributes such as
node features and textual content. For example, [246] proposed a method incorporat-
ing structural and text features for link prediction. They leverage the textual content
of nodes in a social network to capture the semantic similarity between nodes and con-
sider the network’s structural properties. By combining these features, their approach
yields more accurate link predictions than methods that rely solely on network topology.
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Furthermore, Giubilei et al.[68] employed supervised algorithms and extracted attributes
such as age and location from user profiles. Integrating attribute information into their
approach significantly improved link prediction accuracy by effectively capturing node
similarities based on their attributes.

The availability of datasets with comprehensive attribute information is often limited
in link prediction. Many existing datasets lack specific attributes or have incomplete
information, making it challenging to apply attribute-based methods effectively. This
scarcity of datasets hampers the development and evaluation of accurate link prediction
models. Moreover, even when datasets are available, they often require preprocessing to
address issues such as missing values, outliers, and inconsistencies. Data preprocessing
is crucial to ensure the quality and reliability of attribute data. It involves techniques
such as data cleaning and normalization to enhance the accuracy and effectiveness of
attribute-based link prediction algorithms.

1.2.6.2 In terms of Networks

Another significant trend is the recognition of the dynamic nature of networks. Real-
world networks are constantly evolving, with new nodes, edges, and changes in network
structure over time. Therefore, link prediction approaches must account for temporal
dynamics and capture the changing nature of connections. Researchers [26, 89] are ac-
tively investigating dynamic link prediction techniques that can model and predict link
formations over time. However, challenges remain in developing accurate and scalable
methods for handling large-scale, dynamic networks. Future research should focus on de-
signing efficient algorithms and techniques to capture temporal patterns and predict links
in evolving networks. Another critical trend is the use of a knowledge network. This in-
volves incorporating additional information or domain knowledge about the nodes, edges,
or the network structure. External knowledge can provide valuable insights and enhance
prediction accuracy by capturing contextual information, domain-specific relationships,
or expert knowledge. Using external knowledge underscores the importance of consid-
ering information beyond the network structure and leveraging relevant information to
improve link prediction performance.

1.2.6.3 In terms of Algorithms

In terms of algorithms, one notable trend in link prediction is the increasing use of
dimensionality reduction techniques, particularly in conjunction with graph neural net-
works (GNNs). These techniques address the challenge posed by high-dimensional feature
spaces in network datasets by reducing the input dimensionality while preserving relevant
information. By doing so, these algorithms can improve the efficiency and effectiveness
of link prediction models.

However, gaps and challenges remain in this area. One such gap is the need for algorithms
with lower complexity and reduced computational resource requirements. As network
datasets continue to grow in size and complexity, it becomes increasingly important to
develop algorithms that efficiently handle the computational demands. This can involve
exploring more efficient optimization strategies, model architectures, and algorithms that
scale well to large networks.
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1.3 Related Works on Time Series Forecasting

In this section, we define the time series forecasting and overview the approaches proposed
in the literature.

1.3.1 Definition of Time Series Forecasting

A time series (TS) is a sequence of data points collected over time (as shown in Figure 1.6),
either at regular or irregular intervals, that provides a temporal record of observed phe-
nomena such as weather, sales trends, stock prices, vital signs, conditions, and more.
These data points may include numerical values, categorical labels, or other formats.
They are widely used for analyzing and forecasting patterns and trends that change over
time [159] TSF denotes the process of using historical time-series data to predict future
values or trends. By leveraging large volumes of sequential observations, T'SF enables the
identification of temporal patterns and dynamics across diverse domains [211]. Its appli-
cations are extensive, ranging from financial market prediction [76, 66, 5] and weather
forecasting [262, 132], to energy consumption modeling [11, 104], healthcare analytics
[42, 20], and beyond. We focus our review on time series forecasting in the economic
field, as it is closely aligned with our research in international trade flow.

Example of Time Series Data
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Figure 1.6: Example of a time series dataset.

1.3.2 Methods used for TSF

This section reviews traditional statistical and modern ML methods for time-series fore-
casting, emphasizing their respective strengths and limitations. A foundational approach,
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the gravity model of international trade, introduced by Tinbergen [219], posits that trade
flows are determined by economic size and geographic distance and has proven effective
for analyzing export potential and trade agreements. However, it cannot capture the tem-
poral dynamics essential for understanding evolving trade patterns. Classical time series
models like ARIMA and Prophet address this by leveraging historical data to forecast
future trends. More recently, ML, and DL approaches have advanced the field by offering
greater flexibility in modeling complex, nonlinear relationships and capturing intricate
temporal patterns. Table 1.5 summarizes these models and their trade-offs, offering a
comparative perspective on their capabilities.

1.3.2.1 Conventional Model for TSF

In the early stages of time-series forecasting, relatively straightforward models such as
ARIMA [33] and Prophet [216] were commonly employed. These models are well-regarded
for their ease of implementation and their ability to capture linear patterns in time-series
data [259].

ARIMA, introduced in the 1970s by Box and Jenkins [33], became one of the most
widely used parametric models for time-series prediction. Its strength lies in modeling
data with trends and seasonality, making it particularly useful in applications such as
international trade forecasting. For instance, Elsayir [62] demonstrated the effectiveness
of ARIMA in predicting Saudi-US trade flows under dynamic trade conditions. Similarly,
Sharma in [200] applied ARIMA to model trade deviations between India and China
during the COVID-19 pandemic, highlighting its adaptability to global disruptions.

However, despite its versatility, ARIMA has notable drawbacks. It struggles with un-
expected external shocks, such as those observed during the pandemic, in which sudden
trade disruptions render its linear assumptions less effective. Furthermore, ARIMA re-
quires substantial pre-processing, particularly when handling non-stationary data, which
can risk information loss if not handled carefully. Identifying the correct parameters (p,
d, q) is a complex and iterative process that can lead to overfitting or underfitting if not
appropriately done [62, 91].

Facebook developed Prophet as a more flexible and user-friendly forecasting tool,
particularly well-suited for business time-series data, in response to some of ARIMA’s
limitations. Unlike ARIMA, Prophet handles non-linear trends more effectively by incor-
porating features such as yearly, weekly, and daily seasonality and accounting for holiday
effects, making it a practical alternative when additional complexities are present in the
data [216].

The authors of [73] sought to improve the accuracy of oil price forecasting, which
is crucial given the volatility and economic impact of crude oil prices. They applied
two models, LSTM and Facebook’s Prophet (FBPr), using a 32-year dataset of weekly
Brent oil prices. The data was split into a training set (25 years) and a test set (7
years). Their findings showed that LSTM outperformed FBPr, achieving a higher coeffi-
cient of determination (R?) of 0.92 in training and 0.89 in testing, compared to FBPr’s
0.89 in training and 0.62 in testing. In [22], the authors applied time series forecasting
techniques to predict the future export quantities of Turkey’s hazelnuts. They used Face-
book’s Prophet algorithm, combined with the Box-Cox power transformation, to improve
forecast accuracy. Additionally, they employed the Augmented Dickey-Fuller test and
the autocorrelation function to assess the stationarity and periodicity of the time series
data. The analysis projected an upward trend in hazelnut exports over the 36 months
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from June 2020, with clear seasonal patterns in export quantities.

Unlike non-parametric methods, these conventional approaches offer a notable ad-
vantage in international trade flow forecasting, as they do not require large datasets for
training. However, this can also be a drawback, as they cannot leverage the wealth of
information in larger datasets. Moreover, these methods often restrict themselves to spe-
cific linear trade patterns and typically represent only one trade relationship per model.
This leads to extensive and time-consuming model development when dealing with mul-
tiple trade flows. Moreover, they are susceptible to even minor data drift, which can
significantly reduce their prediction accuracy.

1.3.2.2 Machine Learning Model for TSF

ML models have increasingly become essential for time series forecasting due to their
ability to capture complex relationships and adapt to new data. Unlike conventional
statistical methods that require manual feature selection and iterative model tuning, ML
models can automate these processes, efficiently managing large and diverse datasets to
improve predictive accuracy. For example, Tiits et al. [218] successfully used an RF model
to build a gravity model for international trade, handling monthly data and predicting
exports across more than 5,000 product groups.

However, the RF model’s extrapolation limitations may limit its utility for predicting
future time flows. Therefore, various alternatives have been sought. Graph-based ML
models are an especially appealing class of models for analysing international trade.

Sellami et al. [196] introduced a GNN-based method for predicting trade value be-
tween countries. The study used Graph Convolutional Networks (GCN) and Graph At-
tention Networks (GATs) to model complex trade relationships using detailed UN Com-
trade data, including over 5,000 product groups. This approach represents countries as
nodes and trade flows as edges in a graph. GCN aggregates information from a node’s
neighbors to learn embeddings that capture each node’s structural and feature-based con-
text. At the same time, GAT enhances this process by applying attention mechanisms
to weigh the importance of different neighbors, allowing for more nuanced representation
learning. This GNN-based method demonstrated superior predictive accuracy compared
with traditional ML techniques such as random forests.

Minakawa et al. [152], and Monken et al. [158] respectively proposed innovative GNN-
based models, such as the Gravity-informed Graph Auto-encoder (GGAE) and AINET,
that effectively tackle edge-weight prediction and outlier events in trade. Ahmed et al. [§]
developed a GNN method for modeling product relationships, and Panford-Quainoo et
al. [174] explored the synergy between trade gravity models and GNN, highlighting the
growing relevance of GNN in international trade analysis. Verstyuk et al. [228] further
supported the use of GNN by demonstrating their theoretical and practical benefits in
examining trade accessibility.

Most traditional ML regression models, such as random forests, are not ideal for time
series forecasting because they disregard the sequential nature of time-dependent data.
These methods assume that each feature at a given time step is independent of its value
at previous time steps, which contradicts the inherent serial correlation in time-series
data. Due to their ability to capture dependencies across time steps, LSTMs have gained
widespread adoption for time-series forecasting. For example, [253] and [201] show that
combining DL techniques and LSTM models on large historical datasets can make time-
series predictions of trade more accurate. However, these deep neural networks often
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struggle with capturing long-range dependencies. Similarly, GNNs face their own set
of challenges. They encounter scalability issues as graph size grows, leading to high
computational costs. Additionally, GNNs often struggle with interpretability, making
it difficult to understand how they derive their predictions and insights. Transformer
architectures have overcome this limitation.

1.3.2.3 Transformers Model for Time Series Forecasting

In recent years, transformer-based models have become increasingly popular for time
series forecasting due to their ability to capture complex temporal dependencies and effi-
ciently handle long sequences. Vaswani et al. [227] introduced the Transformer model, a
significant advance in DL architecture and a compelling alternative to traditional recur-
rent and convolutional networks.

Various transformer-based models have been employed for TSF. For instance, Liu et
al. [131] applied the Vanilla Transformer for traffic forecasting, leveraging its ability to
capture temporal patterns. Li et al. [118] employed the Informer to improve the accuracy
of multi-step predictions of building energy consumption, demonstrating its efficiency in
handling long sequences. [235] used the Autoformer for electricity demand forecasting.
Additionally, the architecture has led to the development of advanced models such as the
Temporal Fusion Transformer (TFT) [124]. This diverse range of models underscores the
Transformer’s versatility and growing importance in time-series forecasting. TFT [124]
tailors the transformer’s architecture to time series forecasting. Incorporating attention
mechanisms, gating systems, and the ability to handle both static and dynamic features
makes it well-suited for complex forecasting tasks across diverse domains. A recent study
[19] proposed a TFT-based model to predict international raw material trade flows. The
study demonstrated that the model outperformed conventional models such as Random
Forest and Graph Attention Network, achieving superior forecasting accuracy. The TFT
has also been successfully applied to electricity load forecasting [90] and energy consump-
tion prediction at daily, weekly, and monthly levels [170].

However, these transformer models pose significant challenges despite their effective-
ness, particularly in optimizing numerous hyperparameters such as learning rates, batch
sizes, and network architectures. Additionally, these models often struggle to transfer
knowledge across domains. To overcome these limitations, recent research has shifted
toward language models, which have shown impressive results on natural language pro-
cessing (NLP) tasks and are now being applied to time series forecasting, offering potential
solutions to these challenges.

Language models have demonstrated remarkable effectiveness across various fields,
such as education and research [86], healthcare [195, 165, 242], and financial modeling
[121, 275]. Recently, their capabilities have expanded into time series forecasting. Ad-
vances in language model technology are now being applied to predict future values from
historical data with greater accuracy and insight.

In the context of time series forecasting, two primary approaches have emerged for
applying LLMs:

1. Fine-Tuning: is the process of adapting a pre-trained model to a specific task or
domain by continuing its training on a domain-specific dataset that differs from
the original dataset used to train the base model [13]. Xue et al. [249] fine-tuned
PLMs such as T5 and RoBERTa for energy consumption forecasting, while Lai et
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al. [111] developed BERT4ST for spatio-temporal wind power forecasting. These
approaches often require extensive computational resources and task-specific data.

. Prompting Techniques: Prompt-based methods leverage LLMs without retraining,
enabling them to adapt to new tasks without fine-tuning. Cao et al. [39] intro-
duced TEMPO, a framework that uses GPT-3.5 with prompts designed to decom-
pose time-series data into trend, seasonal, and residual components. Gruver [72]
employed zero-shot prompting with LLaMA 2 and GPT-3 for customer flow and
temperature forecasting, demonstrating the efficacy of LLMs even without fine-
tuning. Yu et al. [261] explored the use of GPT-4 and Open LLaMA for stock
price prediction, employing zero-shot and few-shot prompting, along with Chain
of Thought (CoT) reasoning, to improve predictive accuracy. Xue et al. [249]
used various PLMs, including GPT-3.5-turbo, to forecast temperature, energy con-
sumption, and customer flow via zero-shot prompting. These studies underline the
potential of advanced prompting techniques, such as Zero-Shot-CoT and Few-Shot-
CoT, to improve forecasting without extensive model retraining.

Table 1.4 summarizes recent studies on using LLMs for time series forecasting, high-
lighting models, techniques, and application areas.

Table 1.4: Overview of recent research on language models for time series forecasting

Year Ref. Models Techniques Domain
2023 [249] Bart, BERT, T5, RoBERTa, Fine-tuning, Temperature,
Electra, Bigbird, ProphetNet, Prompting Energy con-
LED, Blenderbot, and Pega- technique (Zero- sumption,
sus. Shot) Customer flow
GPT3.5-turbo.
2023 [250] Bart, Pegasus, Bigbird Fine-tuning Energy load
2023 [261] GPT-4 and Open LLaMA Prompting tech- Stock price
nique (Zero-Shot,
Few-Shot)
2023 [39] GPT-3.5 Prompting Electricity,
technique (Zero- Traffic,
Shot) Weather,
News, Finance
2024 [111) BERT4ST Fine-tuning Wind power
2024 [72] LLaMA 2, GPT-3 Prompting tech- Temperature,
nique (Zero-shot) Energy  con-
sumption,

Customer flow

Most studies in this field focus on fine-tuning LLMs, which is effective but requires sub-
stantial time and computational resources, even for small datasets. Fine-tuning adjusts
the model’s settings through repeated optimization. In contrast, prompting techniques
allow the use of LLMs directly, without changing their settings or requiring additional
training. These methods can be highly effective by providing the model with sequences
of input values and asking it to predict future outcomes. However, most studies that use
prompting consider only historical data, thereby missing opportunities to incorporate
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other features that could provide better insights. Relying solely on past data underscores
the need to incorporate diverse input types to improve time-series forecasting.

Table 1.5: Strengths and limitations of time series forecasting models

Method

Advantages

Limitations

Gravity [219]

Simple and robust predictive power.
Effective for analysing export po-
tential and trade agreements.

Lacks temporal dynamics.
Cannot capture evolving trade pat-
terns over time.

ARIMA [33]

Good for linear time series data.
Handles trends and seasonality well.

Struggles with external shocks.
Requires extensive pre-processing
and parameter tuning.

Prophet [216]

Flexible and user-friendly.
Captures non-linear trends and sea-
sonal patterns.

Limited performance with highly
complex and  high-dimensional
data.

RF [34] Handles large datasets and complex Poor at extrapolation.
relationships. Disregards the sequential nature of
Automates feature selection. time series data.

LSTM [84] Captures dependencies between Struggles with long-range depen-
time steps. dencies.
Effective  for long  historical Requires significant computational
datasets. resources.

GNN [193] Models complex trade relation- Scalability issues.

ships.
Captures structural and feature-
based context.

High computational cost.
Limited interpretability.

Informer[280)]

Efficient for long sequences Reduces
memory usage

May overlook short-term dependen-
cies.
Limited interpretability.

Autoformer [243]

Captures periodic patterns.
Suitable for seasonal data.
Introduce a decomposition architec-
ture and an auto-correlation mech-
anism.

Struggles with irregular or non-
seasonal data.

TFT [124]

Gating Mechanisms.

Captures short- and long-term de-
pendencies.

Interpretable.

Handles multivariate data.

Excels at multi-horizon forecasting.

High computational cost.

Requires large datasets.

Sensitive to hyperparameter tun-
ing.

LLM (Prompting
technique) [147]

Generate predictions directly from
input sequences without additional
training.

Offering a more resource-efficient
alternative.

Results cannot be interpreted due
to the model’s black-box nature.
Small wording changes in the
prompt can substantially affect the
results.

The model is constrained by its
token window, which limits the
amount of historical context that
can be provided.
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1.3.3 Evaluation Metrics

In this section, we present the measures commonly used to evaluate the results of TSF.
The chosen metrics encompass mean squared error (MSE), the mean absolute error
(MAE), the mean absolute percentage error (MAPE), the mean percentage error (MPE),
and the coefficient of determination R-square defined respectively by (5.1), (5.2), (5.3),
(5.4), and (1.10).

1.

Mean squared error (MSE)
MSE measures the average squared error between predicted and actual values. It
quantifies the variance of the residuals and is sensitive to large errors.

I
_ 1 7~ )2
MSE = - ;(y — i) (1.6)

Mean absolute error Mean Absolute Error (MAE) is a commonly used metric to
measure the accuracy of a regression model. It computes the mean of the absolute
differences between predicted and actual values.

1
1
MAE:— i—Ai 17
7Ol (1.7)

Mean absolute percentage error (MAPE) Mean Absolute Percentage Error (MAPE)
calculates the average absolute percentage difference between the predicted and
actual values. It expresses prediction errors as a percentage, making it easy to
interpret across different scales.

I
1 lyi — Uil
MAPE = - - 1.8
% -
Mean percentage error (MPE) Mean Percentage Error (MPE) is a statistical metric
used to evaluate the forecast bias of a predictive model. It is calculated as the
average of the percentage differences between the actual values and the predicted
values

I .
1 Yi — Vi
MPE = - 1.9
O (19)

Y

R-square (R?), also known as the coefficient of determination, is a statistical mea-
sure that indicates how well a regression model explains the variability of the target
(dependent) variable.
)2
R=1- Z@_?{)Q (1.10)
> (yi —9)

In this context, y; denotes the observed values, 1; represents the predicted or esti-
mated values, and g represents the mean of the observed values. Each metric plays
a distinct role in quantifying prediction accuracy, precision, and overall goodness-
of-fit by measuring discrepancies between predicted and actual values.
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1.4 Conclusion

This chapter has surveyed the principal methods for trend analysis in link prediction
and time series forecasting, highlighting their strengths and limitations. Traditional
similarity-based approaches, such as Common Neighbors and Jaccard Index, are in-
terpretable and straightforward but often insufficient for capturing complex structural
dynamics. Integrating these methods with ML models enhances predictive capability by
leveraging latent patterns in the data. In international trade, transformer-based archi-
tectures such as TFT have demonstrated superior performance through attention and
gating mechanisms, particularly in economic applications. Furthermore, LLMs, exempli-
fied by GPT, offer additional forecasting potential via prompting, enabling adaptation
and generalization without full retraining.

Despite these advances, existing methods often address structural and temporal chal-
lenges separately, limiting their ability to exploit complementary information across do-
mains fully. In the following chapters (3, 4.5, 5), the present work proposes a hybrid
approach that combines similarity-based techniques with ML for link prediction, and
leverages TFT and TFT with LLM-based methods for international trade forecasting.
By integrating these approaches, the research aims to enhance trend analysis capabil-
ities, capturing complex patterns over time and across networks, thereby providing a
more comprehensive, Al-driven framework for predictive analytics in high-dimensional,
dynamic domains.
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Background

2.1 Introduction

This chapter presents the essential background required to understand the methodological
foundation of this thesis. We begin by reviewing core ML and DL approaches commonly
used for predictive modeling, with particular attention to trend analysis in time series
forecasting and link prediction. We then introduce the Transformer architecture and,
more specifically, the TFT, which forms the basis of our forecasting framework. Fi-
nally, we discuss the role of LLMs and prompting strategies, highlighting their emerging
relevance in prediction tasks.

It is important to note that the methods covered in this chapter represent only the
subset most pertinent to this research. Numerous other predictive techniques exist and
may be better suited for applications beyond the scope of the present study.

2.2 Machine Learning (ML)

ML, a pivotal branch of Al, enables computational systems to automatically identify
patterns and infer relationships from data to support predictive and decision-making
processes. In the realm of trend analysis and temporal data modeling, ML provides
robust methodologies for extracting hidden structures and temporal dependencies that
govern the evolution of complex systems. Depending on the nature of the learning signal,
ML techniques are broadly categorized into supervised learning, which involves training
models on labeled data to predict future outcomes; unsupervised learning, which aims to
discover latent structures within unlabeled datasets; and reinforcement learning, which
learns optimal decision policies through interaction with dynamic environments [70]. In
the next subsection reviews representative supervised learning algorithms that have been
widely applied in trend analysis: link prediction and trade forecasting.

2.2.1 Support Vector Machines(SVM)

A Support Vector Machine[226] is a supervised learning algorithm designed primarily for
classification tasks, where it aims to identify an optimal hyperplane that best separates
data points belonging to different classes. When the data are not linearly separable in
the original feature space, SVM employs kernel functions to map the input features into a
higher-dimensional space, enabling linear separability. The key strength of SVM lies in its
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margin maximization principle, which seeks to maximize the distance between the deci-
sion boundary and the nearest data points, thereby improving the model’s generalization
capability [10].

2.2.2 Decision Tree(DT)

A Decision Tree [177] is a supervised ML algorithm used for both classification and
regression tasks. It constructs a hierarchical, tree-like structure in which each internal
node represents a test or decision on a feature, each branch corresponds to an outcome
of that test, and each leaf node denotes a predicted class label (for classification) or a
continuous value (for regression). The algorithm recursively partitions the dataset into
smaller subsets based on feature values, aiming to minimize data impurity or uncertainty
through splitting criteria such as information gain or Gini impurity. Decision Trees are
intuitive and interpretable; however, they are prone to overfitting, particularly when the
tree grows too deep or the data is noisy.

2.2.3 K-NearestNeighbors (kNN)

The K-Nearest Neighbors algorithm [55]—also known as an instance-based or lazy learn-
ing method—is a non-parametric approach that classifies data points based on their
similarity to nearby examples in the feature space. For a given instance, the algorithm
determines its k nearest neighbors using a distance metric such as Euclidean distance,
and assigns the class label most common among these neighbors. KNN has been widely
applied in domains such as crash prediction and injury severity classification, owing to
its simplicity and intuitive design. However, its performance depends on the choice of k
and the distance metric, and it can become computationally expensive for large datasets.

2.2.4 Random Forest (RF)

Random Forest [34] is a widely used ensemble learning algorithm that enhances predic-
tive performance by aggregating the outputs of multiple decision trees. Introduced by
Breiman, the method constructs an ensemble of trees, each trained on a randomly sam-
pled subset of the data using the bootstrap aggregating (bagging) technique. At each
tree split, a random subset of features is selected, thereby enhancing model diversity and
mitigating overfitting. The final prediction is obtained by averaging predictions (for re-
gression) or by majority voting (for classification) across all trees, yielding a model that
is both robust and scalable across diverse predictive tasks.

2.2.5 Logistic Regression (LR)

Logistic Regression [85] is a widely used statistical and ML algorithm primarily designed
for binary classification tasks, where the goal is to estimate the probability that an
instance belongs to one of two possible classes (e.g., linked vs. not linked). Unlike Linear
Regression, which predicts continuous outcomes, Logistic Regression models the log-
odds of the dependent variable using the sigmoid (logistic) function, thereby constraining
predictions to the [0, 1] interval. The model is valued for its simplicity, interpretability,
and efficiency on linearly separable data; however, its performance can degrade when
relationships between variables are highly nonlinear or complex.
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2.2.6 Naive Bayes (NB)

Naive Bayes classifiers [28], including the Gaussian Naive Bayes (GNB) variant [28], are
probabilistic learning algorithms founded on Bayes’ theorem. They operate under the
simplifying assumption that the predictor variables are conditionally independent given
the target class. In the Gaussian variant, each continuous feature is modeled as a standard
(Gaussian) distribution, enabling efficient computation of class-conditional probabilities.
By applying Bayes’ theorem to a set of input features, Naive Bayes models estimate the
posterior probability of each class and make predictions based on the most probable class.
Owing to their simplicity, computational efficiency, and robustnes.

2.2.7 Artificial NeuralNetwork (ANN)

Artificial Neural Networks [149] are computational models inspired by the structure and
functioning of biological neurons in the human brain. An ANN typically consists of an
input layer, one or more hidden layers, and an output layer, in which interconnected
processing units—called neurons—transform input features into outputs via weighted
connections. Each input feature is multiplied by an associated weight and combined
with a bias term to produce a weighted sum, which is then passed through an activation
function to introduce nonlinearity. The network learns by adjusting these weights using
an iterative optimization process known as backpropagation, which minimizes the error
between predicted and actual outputs. Owing to their ability to model complex nonlinear
relationships, ANNs have been successfully applied in a wide range of predictive tasks,
including trend analysis, link prediction, and time-series forecasting.

In summary, classical ML algorithms have provided effective solutions for a wide
range of predictive modeling problems, including trend analysis, link prediction, and
time-series forecasting. Despite their success, these models often depend on extensive
feature engineering and struggle to capture complex temporal dependencies and nonlin-
ear interactions among variables. As datasets become increasingly high-dimensional and
dynamic, such limitations hinder their scalability and accuracy.

These challenges have driven the development of DL, which extends the capabilities
of traditional ML by employing multi-layer neural architectures that automatically learn
hierarchical feature representations from raw data. The following section explores funda-
mental DL architectures—most notably CNNs for spatial pattern extraction and LSTM
networks for modeling sequential dependencies—laying the foundation for more advanced
architectures such as Transformers and TF'T.

2.3 Deep Learning (DL)

DL is a subfield of ML that employs ANNs with multiple processing layers—commonly
referred to as deep neural networks—to automatically learn hierarchical patterns and
feature representations from data. These layers enable the model to capture increasingly
abstract and complex relationships within the input, thereby mimicking, to some extent,
the way the human brain processes information. In contrast to traditional ML models
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that rely heavily on manual feature engineering, DL systems can learn directly from raw
data, such as images, text, or numerical time-series data.

Owing to this powerful capability to model complex and nonlinear dependencies, DL
has become particularly effective in a wide range of predictive modeling tasks, including
trend forecasting, classification, and regression. By leveraging large datasets and high
computational power, DL models can achieve superior predictive accuracy and gener-
alization compared to classical ML approaches, making them a cornerstone of modern
artificial intelligence research.

2.3.1 Convolutional Neural Network (CNN)

Convolutional Neural Networks [9] are a class of DL architectures designed to automati-
cally learn spatial or structured patterns from input data through the use of convolutional
and pooling layers. While CNNs are best known for their success in image recognition and
computer vision, they have also demonstrated strong performance in analyzing structured
numerical and sequential data. By capturing local dependencies and spatial relationships
among input features, CNNs can effectively distinguish between classes in classification
tasks and detect complex interaction patterns within the data.

2.3.2 Long Short Term Memory (LSTM)

Long Short-Term Memory networks [71] are an advanced type of RNN designed to model
and learn from sequential or time-dependent data. They are particularly effective for
predictive modeling tasks in which capturing temporal patterns and long-range depen-
dencies is critical. Unlike standard RNNs, which suffer from the vanishing gradient prob-
lem, LSTMs incorporate memory cells and gating mechanisms—including input, output,
and forget gates—that selectively retain or discard information over extended sequences.
This architecture enables LSTMs to maintain context over time, yielding more accurate
predictions from historical data. Owing to these properties, LSTMs have achieved strong
performance on various time-series forecasting and sequence prediction tasks, including
forecasting weather conditions, energy consumption, and financial market trends. More-
over, their predictive capabilities can be further enhanced by integrating them with other
DL techniques, such as attention mechanisms and pre-trained neural architectures, which
enable the model to focus on the most relevant temporal features and improve general-
ization across domains.

While CNNs and LSTMs have achieved significant success in capturing spatial and
temporal dependencies, both architectures exhibit limitations in modeling long-range de-
pendencies and parallel dependencies in large-scale sequential data. To overcome these
challenges, the Transformer architecture was introduced, representing a breakthrough
in DL. Unlike RNN-based models, Transformers rely entirely on attention mechanisms,
enabling them to capture global context efficiently and process data in parallel. The
following section provides a detailed overview of the Transformer framework and its ex-
tensions for predictive modeling tasks.
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2.4 Transformers

The Transformer model, introduced by Vaswani et al. [227], represents a breakthrough
in DL architectures, providing a highly efficient alternative to traditional recurrent and
convolutional neural networks. Central to the Transformer’s success is its self-attention
mechanism, which enables the model to process entire sequences in parallel rather than
sequentially, thereby capturing long-range dependencies more effectively. As illustrated in
Figure 2.1, the Transformer architecture consists of two primary components: an encoder
and a decoder.

e The encoder consists of two primary components: a multi-head self-attention mech-
anism, and a position-wise feed-forward network (FFN). Within each encoder block,
the self-attention module enables the model to capture contextual dependencies
across all tokens in the input sequence. At the same time, the FFN applies nonlinear
transformations independently to each position to produce richer token representa-
tions. To maintain stable and scalable training, each sub-layer is enclosed within a
residual connection [82] followed by Layer Normalization [24], a design that facil-
itates effective gradient propagation and enhances training robustness [128]. The
final encoder representations generated by the stacked encoder layers serve as the
input to the decoder.

e The decoder consists of three primary components: a masked multi-head self-
attention layer, an encoder—decoder (cross) attention layer, and a position-wise
FFN. The masked self-attention ensures that each position can attend only to
previous tokens, preventing the model from accessing future information during
generation. The cross-attention layer enables the decoder to attend to the encoder
outputs, aligning the generated tokens with relevant parts of the input sequence.
As in the encoder, every sub-layer is wrapped with a residual connection followed
by layer normalization, facilitating stable optimization and deeper stacking of de-
coder blocks. Together, these components allow the decoder to integrate contextual
information from both past output and encoded input representations [98].
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Figure 2.1: Transformer model architecture .

The Transformer has become a foundational model in DL, achieving widespread adop-
tion across domains such as NLP, CV, SA, and TSF. Within the TSF domain, several
Transformer-based architectures have been proposed that effectively capture temporal
dependencies and complex patterns in sequential data. Notable examples include the
Autoformer [243], which introduces an auto-correlation mechanism for efficient sequence
modeling; the Informer [280], optimized for handling long input sequences with reduced
computational cost; and the TFT [124], which combines attention mechanisms with in-
terpretable outputs for multivariate time-series forecasting.

These advancements highlight the flexibility and adaptability of the Transformer
framework in modeling temporal dynamics across various domains. The following section
provides a detailed overview of the TFT architecture.

2.4.1 Temporal Fusion Transformers (TFT)

The Temporal Fusion Transformer [124] is an advanced DL architecture designed to model
complex temporal relationships and provide interpretable multivariate time-series fore-
casts. Building upon the sequential modeling strengths of LSTM, the TFT integrates
several specialized components to capture both short- and long-term dependencies in
data. Key elements of the architecture include support for multiple input types, a Vari-
able Selection Network for dynamically determining feature relevance, a Gated Residual
Network for nonlinear transformation, and a Multi-Head Attention Mechanism to cap-
ture global temporal patterns. A simplified representation of the TFT architecture is
provided in Figure 2.2.
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Figure 2.2: TF'T architecture

2.4.1.1 Multiple Input Types

The TET model uses three input categories [124]: past input (historical, unknown inputs),
known future inputs, and static inputs. These inputs are processed through separate
variable selection networks (Sec.2.4.1.2).

o Past input: past values of the target variable within a look-back window of length
k.

o Known future inputs: indicators that can be predicted accurately in advance, such
as calendar events.

e Unknown inputs: indicators that can only be measured during observation and
collected through statistical methods; they cannot be predicted for future values.

o Static inputs: indicators reflecting the inherent properties of the forecast object,
such as products and countries.

The presented equation is:
:gi (q7 tv 7—) = fq(Ta Yit—k:ty Zit—kity Vit—kit+7) Si) (21)
Where:

e i: denotes the prediction objects within the system

e t: current moment.
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k: step length.

7: the prediction horizon.

e 3i(q,t,7): the predicted value for quantile ¢, at time ¢, for prediction horizon 7.
o f: the function that generates the prediction.

o y: historical target .

e z: unknown inputs.

e x: known inputs.

s: static inputs.

Although multiple variables can be used as inputs to a forecasting model, the relationships
among these variables and their influence on predictive performance are often uncertain.
The Variable Selection Network (VSN) introduced in the Temporal Fusion Transformer
(TFT) [124] dynamically assesses the relevance of each input feature at each time step.
It filters out noisy or redundant information that could negatively affect forecasting ac-
curacy. This mechanism enhances both the model’s performance and interpretability.

To represent input features, the TFT employs entity embeddings for categorical vari-
ables and linear transformations for continuous variables. Let

2.4.1.2 Variable Selection Network

Although multiple variables can be used as inputs to a forecasting model, the relationships
among these variables and their influence on predictive performance are often uncertain.
The Variable Selection Network introduced in TFT dynamically determines the relevance
of each input feature at each time step and filters out noisy or redundant information that
could negatively affect forecasting accuracy. This mechanism enhances both the model’s
performance and interpretability.

To represent input features, the TF'T employs entity embeddings for categorical vari-
ables and linear transformations for continuous variables.

Let n{”) € Rmode be the flattened version of the j-th variable at time ¢ and m denote
the total number of input variables. Then,

]
1 m
Ny =[] fnd™ |

is the flattened vector of all past input combinations at time t. The input N; and external
environment vector ¢, are applied to the GRN, followed by a Softmax layer:

vy = Softmax (GRN¢ (N, ¢s)) (2.2)

Where v; € R™ is a variable selection weights vector. A static covariate encoder
obtains the environment vector ¢, and includes static information. At each time step,
the input ngj ) is fed into a nonlinear GRN, as shown in Eq.2.3:

i) = GRN_g (ny) (2.3)
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Although each variable has a separate GRN_(;), the weights are shared at all time
t

steps t. The final features are obtained as the weighted sum of each variable and its
variable selection weight, as shown in Eq.2.4:

=y v (2.4)
j=1
Where Uij ) is the j-th element of v,.

2.4.1.3 Gated Residual Network (GRN)

Forecasting models often struggle to capture the exact relationships between external
inputs and target variables, making it difficult to determine the degree of nonlinearity
required for effective modeling. To address this limitation, Lim et al. [124] introduced
the GRN (illustrated in Fig. 2.3) as a central component of the TFT to provide flexible
nonlinear processing capabilities.

; D t
Residual roped
Connection
External
Primary Context
Input (Optional)
\ P

Figure 2.3: Gated residual network structure

The GRN takes a primary input a and an optional context vector ¢, and computes
its output as:

GRN,(a, ¢) = LayerNorm (a + GLU(n1)) (2.5)
where
ny = Wiwng + by, (2.6)
and
Ng = ELU (WZMG + Wgwc -+ bgyw) . (27)

Here, GLU denotes a Gated Linear Unit, ELU represents the Exponential Linear
Unit activation function, and LayerNorm refers to standard Layer Normalization. The
intermediate layers ni,ny € R%ode and w is an index used to denote shared weights
across different GRN instances.
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To control the level of nonlinearity and minimize the influence of redundant model
components, the GRN incorporates a GLU. Given an input vy € R%medet the GLU is
defined as:

GLUm (7) - U(W4,uﬁ + b4,w) © (W5,wry + b5,w) (28)

where o(-) is the sigmoid activation function, Wy € RfmederXdmodel and ) € Rfmodel
are learnable parameters, and ® denotes the element-wise (Hadamard) product.

The GLU allows the network to modulate the nonlinear contribution of the GRN.
If necessary, the model can suppress the nonlinear transformation by driving the GLU
output toward zero, effectively skipping the layer. When no context vector is provided,
the GRN treats ¢ as zero (i.e., ¢ = 0 in Eq. 2.7). During training, dropout is applied
between Eq. (2.5) to regularize learning and prevent overfitting.

2.4.1.4 LSTM Encoders and Multi-Head Attention Mechanism

The TFT leverages both LSTM encoders and a multi-head attention mechanism to cap-
ture diverse temporal dependencies in the data. The encoder-decoder component models
short-term sequential dependencies, focusing on recent observations and local temporal
patterns. In contrast, the multi-head attention mechanism is designed to capture long-
range dependencies by identifying relationships among temporally distant observations.
This attention framework is derived from transformer-based architectures [227, 120] and
allows the TFT to model global temporal context efficiently while maintaining inter-
pretability.

In general, the attention mechanism computes the relevance between inputs by scaling
the values V. € RV*4 according to the similarity between corresponding keys K €
RNXdattn and queries Q@ € RN *%attn a5 expressed by:

Attention(Q, K, V) = A(Q, K)V, (2.9)

where A(Q, K) is a normalization function and N denotes the number of time steps. A
common choice is the scaled dot-product attention [227]:

A(Q, K) = Softmax (%) , (2.10)

where d,, is the dimensionality of the attention space. The scaling factor v/dait, mit-
igates the problem of minimal gradients that may arise when d,, is large. This for-
mulation enables efficient parallel computation of the attention operation, significantly
improving training speed.

The multi-head attention mechanism extends this idea by employing multiple at-
tention heads, each learning distinct relationships between @), K, and V. The outputs of
the individual heads are concatenated and linearly transformed as follows:

MultiHead(Q, K, V) = [Hy, ..., Hy,, Wi, (2.11)

where:

H), = Attention(QW,EQ), KW,EK), VW,EV)), (2.12)

and W@ € Rémoaaxdan  J(K) ¢ Rmoserxdan P/ (V) ¢ Rédmoardv are the head-specific
projection matrices, while Wy € R(m#dv)Xdmodel yrepresents the final linear transformation.
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By combining recurrent encoding for short-term dependencies with attention for long-
range context, the TF'T achieves a robust balance between local temporal modeling
and global interpretability, enabling it to capture complex temporal dynamics across
varying time horizons.

2.4.1.5 Quantile Outputs and Quantile Loss

The TF'T produces quantile-based probabilistic forecasts, enabling it to estimate predic-
tion intervals rather than relying solely on point predictions. This design enables the
model to quantify uncertainty and generate forecasts across different confidence levels,
typically using quantiles such as the 10th, 50th, and 90th percentiles for each forecast
horizon. These quantile estimates are generated through linear transformations applied
within the temporal fusion decoder. The TF'T is trained by jointly minimizing the quan-
tile loss function [227, 120], which asymmetrically penalizes over- and under-predictions
according to the target quantile. The overall training objective is defined as

1 Tmax

LOW)=2——D > > QL ile.t—7.7).9), (2.13)

yt€Q qeQ 7=1

where the quantile loss is given by

QL(y,9,9) =q(y — 1)+ + (1= q)(§ —y)+, (2.14)

and (z); = max(0,z). Here, Q2 denotes the domain of training samples, W represents the
learnable model weights, @ = {0.1,0.5,0.9} is the set of quantile levels, M is the number
of training instances, Tyax is the maximum forecasting horizon, y; and g are the true and
predicted target values respectively, and ¢ denotes a specific quantile level.

This formulation encourages the TFT to produce calibrated quantile predictions that
reflect the underlying uncertainty of future outcomes. During evaluation, the model’s
performance is often assessed using the normalized quantile loss (¢-Risk), which compares
forecast accuracy across quantiles over the prediction horizon. By incorporating quantile
forecasting and quantile loss optimization, the TFT provides robust, interpretable, and
uncertainty-aware predictions for complex forecasting tasks, such as trade flows, energy
demand, and financial time series.

2.4.1.6 Interpretability

The TFT provides built-in interpretability through its modular design, enabling both
feature-level and temporal-level analysis of model behavior. Interpretability is achieved
through five main components:

1. Variable Selection Networks: The variable selection network computes instance-
wise feature importance for static inputs, past inputs, and known future inputs. At
each time step t, variable selection weights vt(J ) quantify the relative contribution
of each input variable j. Aggregated selection weights across the dataset allow for
a global ranking of feature relevance.

2. Static Covariate Encoders: Static context variables (e.g., entity identifiers, cat-
egorical attributes) are encoded and used to condition both variable selection and
temporal attention modules. This enables entity-dependent adaptation of model
parameters and facilitates interpretability across different groups or contexts.
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3. Temporal Attention Layer: The multi-head attention mechanism computes at-
tention weights over historical encoder outputs, identifying the most influential past
time steps for each forecast. Attention scores indicate temporal relevance and can
be visualized to reveal lag effects, seasonality, or regime shifts.

4. Gating Mechanisms (GRNs and GLUs): Gated Residual Networks (GRNs)
and Gated Linear Units (GLUs) regulate information flow by suppressing uninfor-
mative signals and allowing residual connections to pass relevant information. This
improves both model robustness and interpretability by preventing overfitting to
irrelevant features.

5. Quantile-Based Outputs: The output layer produces probabilistic forecasts by
making multiple quantile predictions (e.g., the 10th, 50th, and 90th percentiles).
These quantile estimates represent predictive uncertainty, providing interpretable
prediction intervals and facilitating risk-aware decision-making.

Together, these mechanisms provide a transparent mapping between model inputs,
temporal dependencies, and forecast outputs, making the TFT a high-performing yet
interpretable DL framework for multivariate time-series forecasting.

TFE'T represents a significant step forward in time-series forecasting by integrating recur-
rent neural networks, attention mechanisms, and gating mechanisms into a unified, inter-
pretable DL framework. This combination enables the model to capture both short- and
long-term dependencies, dynamically select relevant input features, and provide mean-
ingful insights into variable importance and temporal patterns. While the TFT achieves
strong performance and interpretability, its architecture remains specialized for forecast-
ing tasks and can be computationally demanding on large or heterogeneous datasets.
Building on the Transformer foundation, recent advances in LLMs extend these capabili-
ties to a broader range of domains through prompting and fine-tuning, offering enhanced
scalability and generalization.

2.5 Large language model

2.5.1 Overview

Language models (LMs) are advanced DL models primarily based on the Transformer
architecture. Large volumes of text data are used to train the LM, enabling it to adapt to
specific tasks. Pre-trained language models (PLMs) employ a "pre-train and fine-tune”
methodology, which first trains a model on a general-purpose dataset, then fine-tunes it
for specialized tasks. However, without this task-specific "fine-tuning,” PLMs struggle
to effectively generalize to unseen downstream tasks [99], such as BERT [58], RoBERTa
[136], and Electra [52]. LLMs are more advanced PLMs that can process larger datasets
without fine-tuning. This is mainly because they are based on DL and use transformer-
based architectures. Meta-training techniques further refine these models to align with
human preferences. Due to their large size and extensive pretraining on vast amounts
of text data, LLMs demonstrate what is known as ‘emerging abilities’ [237, 194]. These
abilities allow them to perform exceptionally well on many natural language processing
tasks, even without task specific training [98]. LLMs have evolved along two dimensions:
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Table 2.1: Overview of various LLMs

Model Name Trained on Data Tokens Provider Number of Pa- Open

Up Until Input rameters Source
GPT-3 [35]  October 2019 2,048  OpenAl 175 billion No
GPT-3.5 [50] June 2021 4,096  OpenAl 175 billion No
GPT-3.5- September 2021 16,385  OpenAl 175 billions No
turbo (0125)
3]
GPT-4 September 2021 8,192 OpenAl 1 trillion No
(0613) [3]
GPT-4-turbo December 2023 128,000 OpenAl 1 trillion No
(2024-04-09)
3]
LLaMA 2 July 2023 4,096 Meta 7 billion, 13 bil- Yes
[221] lion, 33 billion, 65

billion

LLaMA 3 8 billion: March 8,000 Meta 8 billion, 70 bil- Yes
[61] 2023, 70 billion: lion

December 2023
Llama August 2024 10M Meta 17B  (Activated) Yes
4 Scout 109B (Total)
(17Bx16E)
[203]

o Closed-source models, such as the ChatGPT family, only allow access via Ap-
plication Programming Interfaces (APIs) and do not publicly release their model
weights, making it impossible for external developers to load or modify their un-
derlying parameters.

» Open-source models, such as the LLaMA family [221], provide access to their model
weights, allowing for greater flexibility in experimentation and customization.

Closed-source and open-source models, each offering distinct advantages and use cases.

Various types of LLMs differ in architecture, training data, and the number of pa-
rameters, all of which affect their language comprehension and task performance. Table
2.1 overviews the most prominent LLMs.

Language models have demonstrated remarkable effectiveness across various fields,
such as education and research [86], healthcare [195, 165, 242], and financial modeling
[121, 275]. Recently, their capabilities have expanded into time series forecasting. Ad-
vances in language model technology are now being applied to predict future values from
historical data with greater accuracy and insight. To adapt LLMs for specific applica-
tions, prompting and fine-tuning are among the most widely adopted approaches. The
following sections provide an overview of these techniques.

2.5.2 Architecture of Large Language Model

LLM encompass a wide family of architectures that differ in size, training objectives, and
implementation details. Despite these variations, most modern LLMs share a common
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architectural foundation derived from the Transformer framework. In this section, we
present the core components that constitute the basic architecture of LLMs. While
individual models may introduce modifications or additional mechanisms, the elements
described here constitute the essential pipeline underlying most contemporary LLMs.

2.5.2.1 Data Preprocessing

The construction of LLMs critically depends on the availability of high-quality training
data, as model performance is directly linked to the dataset’s reliability and richness.
Consequently, the first stage of the LLM architecture involves assembling a large, diverse
corpus from books, academic publications, web pages, and online forums. These sources
vary widely in style, structure, and quality, making it essential to preprocess the collected
data systematically to ensure that the model learns from accurate and representative
content. The preprocessing pipeline typically includes several key steps [182, 169]:

o Data cleaning: where invalid characters, incomplete entries, formatting inconsis-
tencies, outliers, and missing values are corrected or removed;

o Data filtering: which excludes noisy, irrelevant, or low-quality text and reduces
computational burden during training;

o Data de-duplication: which eliminates redundant samples to prevent overfitting
and promote richer linguistic diversity;

o Data privacy preservation: which removes or anonymizes personally identifiable
information (PII) to meet ethical and legal standards.

Together, these steps transform raw textual data into a clean, secure, and structured
corpus, forming a reliable foundation for subsequent processes such as tokenization, em-
bedding, and large-scale model training.

2.5.2.2 Tokenization

Tokenization is a fundamental step in the LLM preprocessing pipeline, converting raw
text into smaller, machine-readable units called tokens. These tokens may represent
characters, subwords, symbols, or entire words, depending on the model’s design and
objectives [182]. While simple tokenization methods split text based on white spaces,
such approaches suffer from the out-of-vocabulary problem, as they can only recognize
words present in a predefined dictionary. To address this limitation and increase vocab-
ulary coverage, LLMs rely on subword-based tokenization methods such as Byte Pair
Encoding, WordPiece, and Unigram Language Model [169]. These algorithms break rare
or unseen words into smaller subword units, enabling the model to process a large variety
of linguistic forms—including words not present in the training data—while maintaining
efficiency and reducing vocabulary size. Tokenization therefore, plays a crucial role in
bridging raw text and numerical model inputs, ensuring consistent representation across
languages, domains, and tasks.
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2.5.2.3 Embedding Layer and Position Encoding

After tokenization assigns an ID to each token, the embedding layer converts these token
IDs into numerical vectors. Each token is mapped to a learned embedding that represents
its meaning in a mathematical space. Tokens that occur in similar contexts tend to have
similar vector representations. During training, these embeddings are refined to better
capture relationships among words or subwords. However, token order is crucial for
meaning, and transformer architectures do not inherently encode sequence structure.
Positional encoding is introduced to represent the position of each token within the input
sequence. These positional vectors are added to the token embeddings, enabling the
model to distinguish between tokens based on their order and thus interpret the sentence
in a grammatically and semantically appropriate manner [182].

2.5.2.4 Transformer Block

Transformers serve as the foundational architecture for most modern LLMs due to their
scalability, flexibility, and suitability for large-scale pretraining. Their self-attention
mechanism enables efficient modeling of long-range dependencies within text, allowing
the model to capture complex linguistic patterns. As a result, Transformer-based LLMs
have driven significant advances across a wide range of natural language processing tasks.
A detailed description of the Transformer architecture is provided in Section 2.4.

2.5.3 LLM Adaptation Techniques

Large Language Models can be adapted to different tasks using two main approaches
that vary in complexity, flexibility, and computational requirements. These approaches
provide complementary means to guide or modify model behavior, depending on the
application’s needs and resource availability. Before detailing each method, it is essen-
tial to introduce the general idea behind how LLMs can be customized, ranging from
light-weight instruction-based techniques to more specialized training procedures. The
following subsections present the two most widely used adaptation strategies: prompting
and fine-tuning.

2.5.3.1 Prompt Engineering

In this section, we define the concept of a prompt and outline prompt engineering
techniques, including few-shot, zero-shot, chain-of-thought, tree-of-thought, and self-
consistency. These techniques are essential for guiding LLMs to generate accurate and
relevant responses across diverse applications.

A prompt serves as the input a user provides to an LLM to influence its responses.
This input can take various forms, such as questions, statements, examples, or detailed
instructions [151]. The prompt’s clarity, structure, and specificity heavily influence the
effectiveness of the LLM’s output. Prompt engineering involves designing and refining
prompts to maximize the quality and relevance of LLM-generated responses [151]. It
aims to enhance the LLM’s performance and ensure that its responses are more accurate
and meaningful. This process shows how important prompt quality is for improving
LLMs’ generative abilities because it directly affects the type of output that is made
[137, 202, 147]. Below, we explore several notable and widely used prompt engineering
techniques.
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o Zero-Shot-Prompting [178]: It is a technique where the LLM is given a task with
only a description or query, without any examples or task-specific training. The
model generates a response based solely on its general knowledge and understanding
acquired during training. This method assesses the model’s capacity to generalize
and execute tasks for which it has not received explicit training.

o Few-Shot-Prompting [146]: It builds upon zero-shot prompting by providing the
LLM with a few examples, including the input and the corresponding output, along-
side the task description. These examples serve as references to help clarify the
task’s format, expectations, and desired outcome. By presenting the model with
input examples and their corresponding outputs, few-shot prompting guides the
LLM to generate more accurate and context-aware responses. This approach is
beneficial for more complex or ambiguous tasks.

 Chain-of-Thought (CoT) prompting [238]: It is a technique that makes the im-
plicit reasoning process of the LLMs explicit. By outlining the necessary steps for
reasoning, CoT guides the model to produce a logical, well-reasoned output, partic-
ularly in situations that require more than simple information retrieval or pattern
recognition. There are two main ways to apply CoT prompting:

— Zero-Shot-CoT: This technique directs the model to “think step by step” by
breaking down a problem and explaining each reasoning step without any
examples provided beforehand.

— Few-Shot-CoT: This technique provides the model with a few examples of
problems and their step-by-step solutions. These examples guide the model
in structuring its reasoning process for similar tasks.

CoT prompting often outperforms traditional, zero-shot, and one-shot methods.
It helps the model perform complex reasoning more effectively and yields more
accurate, well-structured answers, especially for problems that require a deeper
understanding.

« Self-Consistency (SC) [234]: It is a technique that improves the accuracy of LLMs
by generating multiple reasoning paths for a single prompt and selecting the most
consistent answer. It leverages the observation that complex problems often have
multiple valid solutions, and consistent answers across different paths increase con-
fidence in the correctness of the response. This technique enhances both the relia-
bility and accuracy of the model’s output.

o Tree of Thought (ToT) [257]: It is a technique used to improve problem-solving
in complex tasks, like mathematics. It involves breaking down a problem into
multiple steps or "thoughts” and exploring different paths to find the best solution.
ToT helps tackle complex issues by organizing intermediate steps into a tree-like
structure, enabling more thorough and accurate reasoning.

2.5.3.2 Fine Tuning

There are various strategies for fine-tuning LLM. In this section, we define transfer learn-
ing and instruction-tuning [168].
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o Transfer learning refers to the process of adapting a pre-trained LLM to a specific
downstream task. While pre-trained LLMs demonstrate strong general capabilities
across a variety of tasks [35], their performance on a particular application can
be significantly enhanced through additional training on task-specific datasets[179,
251]. This process of reusing and fine-tuning a model for a new, specialized task is
known as transfer learning.

o Instruction-tuning is a specialized form of fine-tuning in which a pre-trained model
is trained on datasets composed of instructions, input, and output. These instruc-
tions span a wide range of tasks and are written in plain language to guide the
model in accurately following prompts.

As LLMs continue to grow in size, fine-tuning becomes increasingly expensive because
it requires updating and storing a massive number of parameters for every new task,
posing challenges for memory usage, computational cost, and practical deployment. To
address these limitations, more parameter efficient fine tuning methods[59] have been
proposed. Among them, Low-Rank Adaptation (LoRA) [88] offers a scalable solution by
preserving the core idea of adapting the model to new tasks while drastically reducing the
number of trainable parameters. LoRA introduces a low-rank constraint to approximate
weight updates in dense layers, thereby enabling model adaptation with substantially
fewer trainable parameters.

When fine-tuning a weight matrix W, the update is typically expressed as W <+ W+AW.
LoRA freezes the original matrix W € R™*™ and represents the update term using a low-
rank decomposition, AW = AB", where A € R™** and B € R"** are the only trainable
components, with & < min(m,n) controlling the degree of parameter reduction.

2.6 Feature Selection

In ML, feature selection is a fundamental preprocessing step that identifies the most rel-
evant and informative features in a given dataset. High-dimensional data often contain
redundant, irrelevant, or noisy attributes, which can degrade model performance by in-
creasing computational complexity, leading to overfitting, and reducing interpretability.

To address these challenges, feature selection aims to reduce the feature space by
selecting a subset of features that most significantly contribute to the model’s predic-
tive accuracy. This not only enhances learning efficiency and model generalization but
also simplifies the model, making it easier to interpret and deploy, reduces the data’s
dimensionality, resulting in faster training times, and lower computing costs.

Feature selection typically comprises two components: a search strategy to explore
candidate feature subsets, and an evaluation mechanism to assess their quality. Based
on this, feature selection methods are commonly divided into two categories: filter-based
and wrapper-based approaches. Filter methods apply statistical measures—such as in-
formation gain [255], mutual information [176], or principal component analysis [153],
independent of the learning algorithm. These techniques are computationally efficient
but may overlook feature-classifier interactions. In contrast, wrapper methods incorpo-
rate an ML model to evaluate feature subsets directly, often achieving higher predictive
accuracy but at the cost of increased computation. One of the most prominent wrapper-
based algorithms is the binary Butterfly Optimization Algorithm, which we describe in
the next section.
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2.6.1 Binary Butterfly Optimization Algorithm (BBOA)

The Binary Butterfly Optimization Algorithm (BBOA) [15] is a discrete variant of the
original Butterfly Optimization Algorithm (BOA) [16], a bio-inspired metaheuristic based
on the food foraging behavior of butterflies. While BOA operates in a continuous search
space, BBOA has been specifically adapted for binary optimization tasks, such as feature
selection. In BBOA, each butterfly represents a potential solution encoded as a binary
vector, where each bit signifies the selection (1) or exclusion (0) of a specific feature.

The algorithm retains BOA’s fundamental biological inspiration, where butterflies
emit a “fragrance” based on their fitness, calculated using:

pf,=c-I¢ (2.15)

Here, pf; represents the fragrance of the i-th butterfly, I is a stimulus intensity propor-
tional to the fitness value (e.g., classification accuracy), c¢ is a sensory modality constant,
and a is a power exponent that regulates fragrance diffusion.

BBOA operates using two primary search mechanisms:

« Global Search (Exploration)
With probability p, a butterfly is attracted to the globally best solution found so
far. The movement is formulated as:

B = (rog' —x) pl, (2.16)
where r is a random number in [0, 1], and g* denotes the best-known binary solution.
This allows butterflies to explore promising regions of the search space, thereby
promoting global exploration.

« Local Search (Exploitation)
If global search is not selected (i.e., r > p), a butterfly performs local search by
interacting with two randomly chosen butterflies j and k. The local movement is
calculated as:

Fitl = (r-x —x) - pf; (2.17)

This enables focused exploration around similar solutions, enhancing local exploita-
tion and aiding the algorithm in escaping local optima.

Since these update rules produce continuous intermediate values, BBOA applies a transfer
function, typically the sigmoid:

1
S(x) = 2.18
@)= (218)
to map them to probabilities. These are then binarized using:
2 = 1 if S(m).> r (2.19)
0 otherwise

where r is a uniformly generated random number in [0, 1].
This binary adaptation enables BBOA to effectively search for optimal feature subsets,
thereby reducing dataset dimensionality while maximizing classification performance.
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By balancing global exploration and local exploitation through probabilistic switching,
BBOA achieves a substantial trade-off between intensification and diversification, making
it particularly effective for high-dimensional binary optimization tasks.

2.7 Interpretability and Explainability

AT models have revolutionized various fields by delivering exceptional performance across
tasks such as IR, NLP, and TSF. However, a significant limitation persists: their inherent
black-box nature. These models, composed of deep, highly parameterized neural archi-
tectures, often produce highly accurate outputs while offering little to no transparency
into how those results are derived. This opacity makes it challenging for users and stake-
holders to understand, validate, or trust the model’s decision-making process [189]. This
issue becomes particularly critical in sensitive domains such as finance [198, 173] and
healthcare [271, 181], where decisions informed by ML models can have significant eth-
ical, legal, or economic consequences. In both sectors, model transparency is not just a
desirable feature; it is a fundamental requirement for building trust, ensuring account-
ability, and complying with legal and ethical standards. To address these concerns, the
concepts of explainability and interpretability have gained increasing importance in
the development and deployment of Al systems. Explainability refers to the ability
to provide understandable and human-readable justifications for a model’s predictions
[189]. On the other hand, Interpretability denotes the extent to which a human can
comprehend the internal mechanics of a model, such as understanding the weights, acti-
vations, or structure that drive the prediction. Together, these concepts aim to open the
black box of DL, enabling traceability of how and why decisions are made, ultimately en-
abling safer and more responsible Al adoption in high-impact areas [189].To operationalize
these concepts, the field of XAI has developed a range of techniques to enhance model
transparency. Notable methods include LIME [184], which approximates complex models
locally with simpler interpretable models. CAM [279], which highlights important regions
in input data (e.g., image pixels) that influence predictions, SHAP [140], which quantifies
feature contributions based on cooperative game theory; SHAP computes Shapley values
to quantify the marginal contribution of each feature to a model’s prediction, thereby
enabling both local and global interpretability. It satisfies key properties, including local
accuracy, missingness, and consistency, making it effective for revealing how individual
features influence predictions.

These XAI techniques have been successfully applied across a wide range of applica-
tions and have become essential tools in making Al systems more interpretable, trust-
worthy, and transparent.

2.8 Conclusion

In this chapter, we reviewed the fundamental methodologies that support this research,
covering classical ML, DL, Transformer architectures, feature extraction techniques, and
XAI The discussion began with the role of these methods in trend analysis, which is
central to understanding dynamic behaviors in complex systems. Building on this foun-
dation, we highlighted techniques directly relevant to the two main tasks examined in
this work: link prediction and time series forecasting, with a specific focus on applica-
tions to international trade networks and trade flow dynamics. The concepts presented
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here establish the theoretical basis for the models and contributions developed in the
subsequent chapters.
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Chapter 3

Efficient Link Prediction in Social

Networks Using a BBOA-Inspired
Heuristic and Similarity-Based
Machine Learning

3.1 Introduction

Social networks are vital for enabling user interactions and information exchange, in
which users and their relationships form nodes and links in the network. A key challenge
in analyzing these networks is link prediction—the task of forecasting potential con-
nections based on existing patterns, which also involves analyzing trends to understand
how relationships evolve. With the rise of large-scale social platforms and the growing
complexity of data, there is a strong trend toward combining traditional similarity mea-
sures with advanced ML and feature selection techniques to improve predictive accuracy.
Applications range from recommendation systems to community detection and social in-
fluence analysis. This chapter explores a hybrid approach that combines similarity-based
and supervised learning methods, enhanced by Binary Butterfly Optimization for feature
selection and SHAP for model interpretability, to address current demands for both ac-
curacy and explainability. Methodology, datasets, and experimental analysis of various
models on real-world networks are also presented.

3.2 Methodology

This section outlines the main stages of our research methodology. We began by selecting
two social media datasets, then preprocessed the data, extracted features, and selected
the most relevant attributes. Using these selected features, we finally split the data into
training and testing sets and trained several ML models.

3.2.1 Datasets

Experiments are conducted using two real-world datasets: Facebook [117] and Email-
Eu-Core [260]. The Facebook dataset comprises user profiles and their ego networks,
including friend circles. In contrast, the Email-Eu-Core-Eu-core dataset represents inter-
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nal Email-Fu-Core communications among members of a European institution, in which
edges indicate at least one exchanged message. Detailed statistics for the datasets are
presented in Table 3.1.

Table 3.1: The detailed statistics of Facebook & Email-Eu-Core dataset

Datasets Nodes Edges
Email-Eu-Core 1.005 25.571
Facebook 4.039 88.234

3.2.2 Data Representation and Feature Extraction

Algorithm 1 explains the detailed process of data presentation and feature extraction. The
first part of the algorithm, from line 3 to line 18, outlines the procedure for converting the
raw input dataset X into a graph representation G. Specifically, the algorithm starts by
extracting the node set V' and edge set F from the dataset (lines 4-5). These are used to
initialize the graph G = (V, E) (line 6). The number of observed edges is recorded (line
7), and an equal number of random non-edges are generated to serve as negative samples
(line 8) to avoid class imbalance bias. The loop from lines 9 to 11 labels all existing edges
(u,v) € E with a class label of 1, signifying that a true link exists. Subsequently, the loop
from lines 12 to 17 examines the generated non-edge pairs. For each pair (u,v), if it does
not already exist in the edge set F, it is added to the graph as a non-edge (line 14) and
assigned a label of 0 (line 15), representing the absence of a relationship. This prepares a
binary-labeled graph dataset suitable for training and evaluation in link prediction tasks.

The second part of the algorithm, from line 20 to line 33, is encapsulated in the
CALCULATEFEATURES(G) function. This stage computes structural similarity metrics
for the graph’s nodes and edges. For each node u € G, the clustering coefficient is
calculated (lines 21-23), which quantifies the tendency of u’s neighbors to form tightly
knit groups. The loop from lines 24 to 30 then computes a set of edge-based similarity
measures for each edge pair (u,v). These include well-established network metrics such as:
Common Neighbors, Adamic-Adar Index, Jaccard Coefficient, Preferential Attachment,
Salton Index, Sgrensen Index, Hub Promoted Index, Resource Allocation Index, Random
Walk Index, Leicht-Holme-Newman Index (LHNI), and the Matrix Forest Index (MFI),
which is derived from matrix-forest theory. Finally, in line 31, all computed features
are normalized using MinMaxScaler to ensure a consistent scale across metrics, enabling
fair comparisons and improved convergence during model training. The fully annotated
graph GG, now enriched with structural features and binary labels, is returned for use in
downstream ML tasks (line 32).

3.2.3 Feature Selection

Our simplified version of the Binary Butterfly Optimization Algorithm (BBOA) retains
its population-based search and mutation mechanisms. Still, it removes components such
as fragrance modeling, global-local switching, and probabilistic migration rules. Instead,
it uses a mutation-driven local search guided by the best-performing solution in each gen-
eration. This adaptation reduces complexity while maintaining effective feature selection
exploration in link prediction tasks. Algorithm 2 presents the inspired BBOA approach
to feature selection. Lines 1-6 define the algorithm’s inputs and outputs. Specifically,
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Algorithm 1 Feature Extraction

1: Input: X > Dataset containing pairs of nodes

2: Output: Graph G with calculated features
3: procedure CREATEGRAPH(X)
4: V « Extract nodes from X

5: E + Extract edges from X

6: G+ (V,E) > Initialize graph with nodes and edges
T ‘Etargetl A ’E’

8: Erandom < Generate random non-edges of size |Eiarget|

9: for each edge (u,v) € E do

10: Label (u,v) in X as 1 > Edge exists
11: end for

12: for each pair (u,v) € Erandom do

13: if (u,v) ¢ E then

14: Add (u,v) to G as non-edge

15: Label (u,v) in X as 0 > Random non-edge
16: end if

17: end for

18: return G

19: end procedure
20: function CALCULATEFEATURES(G)

21: for each node v in G' do

22: ClusteringCoeff(u) - CLUSTERINGCOEFFICIENT(G, u)
23: end for

24: for each edge (u,v) in G do

25: CommonNeighbors(u, v) <~ COMMONNEIGHBORS(G, u, v)
26: AdamicAdar(u, v) < ADAMICADAR(G, u,v)

27: JaccardCoeff(u, v) < JACCARDCOEFFICIENT (G, u, v)

28: Preferential Attach(u, v) <~ PREFERENTIALATTACH(G, u,v)
29: Other similarity measures

30: end for

31: Normalize features using MinMaxScaler

32: return G

33: end function
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the training and testing datasets (X _train, y_ train, X_test, y_ test), the number of op-
timization iterations (N), and the population size (S) are provided as inputs. The output
is the optimal subset of features, denoted as best_features. In line 8, the total number of
features (F) is determined from the training data (X train). Line 9 initializes the popu-
lation (P), which consists of S binary vectors, each of length F. These vectors represent
candidate feature subsets, where a value of 1 at a given index indicates the inclusion of
the corresponding feature, and 0 denotes its exclusion.

The initialization phase (Lines 7-10) initializes the search space for the optimization
process by randomly generating binary solutions.

The central part of the algorithm is the optimization loop (starting at Line 11), which
runs for a predefined number of iterations (N).

Within this loop, the fitness of each individual in the population is evaluated (Lines
13-15). The fitness is determined by the performance of the objective function (see
Algorithm 3), which uses kNN as a classifier. We selected it as the fitness evaluator
because it is non-parametric, fast to train, and sensitive to feature relevance, making it
a suitable proxy for assessing feature subset quality during optimization. The classifier
is trained and tested using only the features selected (i.e., marked with a 1) in the
individual’s binary vector. The fitness metric used is the classification accuracy on the
test dataset (X_test). From the evaluated population, the individual with the highest
fitness score is selected as p_best (Line 17), representing the current best subset of
features. A mutation operation is then applied to p_best (Lines 18-19) by randomly
flipping one bit in its binary vector, producing a new individual p_mut. The fitness of
p_ mut is then computed (Line 19). If p_ mut outperforms p_best, it replaces p_best in
the population (Lines 20-21).

This evaluation-and-selective-mutation process continues at each iteration (Lines 12—
24), allowing the algorithm to exploit the best solutions while exploring new potential
feature combinations via mutation.

Once the specified number of iterations (N) is completed, the algorithm returns
best_ features (Line 26), which corresponds to the individual with the highest observed
fitness throughout the process. This feature subset is expected to yield the best classi-
fication performance and is selected as the optimal set. The optimal features selected
for the Email-Eu-Core dataset include, Clustering Coefficient, Preferential Attachment,
Leicht-Holme-Newman Index (LHNI Index), and Matrix Forest Index (MFI Index)
In contrast, the Facebook dataset benefits from a broader feature set, including Com-
mon__Neighbors, Adamic_ Adar, Preferential Attachment, Resource Allocation_Index,
Leicht-Holme-Newman Index (LHNI_Index), and Matrix Forest Index (MFI_Index).
These features achieved the highest classification performance during feature selection.

3.2.4 Data Split

The dataset is divided into training and testing subsets, with 80% allocated to training
and 20% to testing. This maximizes model performance and obtains the best possible
results.

3.2.5 Training Model

After selecting the most relevant features using BBOA, a range of supervised ML models

are trained. These included SVC [53], DT [64], ANN [187], RF [83], kNN [55] , LR[63],
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Algorithm 2 Inspired Binary Butterfly Optimization for Feature Selection

1: Inputs:

2: Xirain, Ytrain: Lraining data features and labels

3: Xiest, Ytest: Lesting data features and labels

4: N: Number of iterations

5: S: Population size

6: Output: best_features: Optimal set of features

7. procedure INITIALIZE

8: I < number of features in X ain

9: P <+ population of S binary vectors of length F
10: end procedure

11: procedure OPTIMIZATIONLOOP

12: for n=1to N do

13: for each p; in P do

14: fit(p;) <~ OBJIECTIVEFUNCTION(p;, Xirain, Ytrains
15: Xtesta ytest)

16: end for

17: Prest <— butterfly in P with highest fitness

18: Pmut <— mutate ppes; by flipping one random bit
19: Compute fit(pmut)
20: if fit(puue) > fit(Ppest) then
21: Replace ppest in P with pyut
22: end if
23: Update best_ features if current best fitness improves

24: end for
25: end procedure
26: return best_features

Algorithm 3 Objective Function

1: function OBJECTIVE__FUNCTION(D;, Xirain, Ytrains Xtests Ytest)
2 Train a kNN classifier on X ain[pi]; Ytrain

3 Evaluate accuracy on Xies[pi], Ytest

4: Store accuracy as fitness fit(p;)

5 return fit(p;)

6: end function
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and GNB [188].
In addition to these traditional models, a CNN is implemented to explore deep learning
approaches for the classification task. The CNN architecture is designed as follows:

o ConvlD Layer: Consists of 32 filters with a kernel size of 3 and ReLLU activation,
which captures key patterns in sequential data.

o« MaxPoolinglD Layer: Reduces the dimensionality of the feature maps, preserv-
ing important features while decreasing computational cost.

o Flatten Layer: Transforms the pooled feature maps into a one-dimensional array
to serve as input to the dense layers.

e Dense Layers with Dropout: Two fully connected layers with 64 and 32 neurons
respectively, each followed by a dropout layer with a dropout rate of 0.5 to reduce
overfitting and improve generalization.

e Output Layer: A single neuron with a sigmoid activation function that outputs
the probability of a connection between a given pair of nodes.

The CNN model is compiled with the Adam optimizer and binary cross-entropy loss,
both of which are well-suited for binary classification.

3.3 Results and Evalution

3.3.1 Setups

The models are executed on a workstation with an Intel Core 19-13900KF CPU, 128 GB
of RAM, and an Nvidia GeForce RTX 3060 12G graphics card. The experiments were
conducted on a Windows 11 system using Anaconda Jupyter Notebook, Python 3.10,
and essential libraries, including scikit-learn, TensorFlow, NetworkX, and SHAP.

3.3.2 Result

Table 3.2 presents the performance of various ML algorithms on two distinct datasets:
Email-Eu-Core and Facebook, evaluated using four key classification metrics: accuracy,
precision, recall, and F1-score.

On the Email-Eu-Core dataset, the RF and CNN models demonstrated superior per-
formance, each attaining an accuracy and Fl-score of (0.854). In contrast, the GNB
classifier, although achieving the highest precision (0.926), exhibited a substantially lower
recall (0.393), which resulted in a diminished Fl-score of (0.541). This discrepancy sug-
gests that GN was highly conservative in its predictions, favoring precision at the cost
of failing to identify a significant proportion of true positives. The ANN model per-
formed suboptimally, with remarkably low precision (0.243) and an Fl-score of only
(0.331), indicating challenges in generalizing effectively on this dataset—possibly due to
data sparsity, overfitting, or insufficient model complexity. In comparison, performance
across all models on the Facebook dataset was substantially higher. The CNN model
achieved the highest accuracy (0.978), followed closely by kNN, ANN, and RF, all with
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accuracy values between (0.96) and (0.97). Notably, all models achieved F1-scores above
(0.92), demonstrating effective generalization on this dataset. The improved results are
attributed to the more structured and less noisy nature, as well as the larger size, of
the Facebook dataset, which may allow models to learn distinguishing features more
effectively.

Additionally, classical models such as LR and SVC performed competitively on the
Facebook dataset, both attaining (0.949) accuracy and Fl-scores, showing that even
simpler models can achieve high performance given clean and linearly separable data.
Unlike its performance on the Email-Eu-Core dataset, GNB also performed reasonably
well here, with an F1-score 0f0.921%.

In summary, the CNN model consistently performed among the best across both
datasets, highlighting its strength in capturing local patterns in the data. However,
the Facebook dataset appears more amenable to classification, with all models showing
improved performance compared to the Email-Eu-Core dataset.

Table 3.2: Performance of ML algorithms on two datasets

Dataset Algorithm Accuracy Precision Recall F1-Score
SVC 0.792 0.848 0.701 0.767
LR 0.832 0.841 0.799 0.824
DT 0.800 0.801 0.800 0.800

EmailEu.Core GN 0.681 0.926 0.393 0.541
kNN 0.808 0.816 0.796 0.809
RF 0.852 0.852 0.852 0.852
ANN 0.799 0.243 0.500 0.331
CNN 0.854 0.859 0.841 0.852
SVC 0.953 0.977 0.928 0.949
LR 0.949 0.989 0.912 0.952
DT 0.951 0.951 0.951 0.951

Facebook GNB 0.933 0.979 0.867 0.921
kNN 0.973 0.966 0.964 0.964
RF 0.964 0.964 0.964 0.964
ANN 0.969 0.964 0.945 0.957
CNN 0.978 0.972 0.963 0.963

3.3.3 Interpretation the Model

The results in Table 3.2 show that the CNN model achieved the highest accuracy on
both the Email-Eu-Core and Facebook datasets. To further interpret the CNN model’s
decision-making process, SHAP is employed, a global model-agnostic interpretability
method that quantifies the contribution of each input feature to the model’s predictions.

Figures 3.1 and 3.2 illustrate bar plots of the mean absolute SHAP values for each
feature, providing insight into their overall contribution to the CNN model’s predictions
on the Email-Fu-Core and Facebook datasets, respectively.

In Figure 3.1, which corresponds to the Email-Eu-Core dataset, the Preferential _Attachment
feature exhibits the highest mean SHAP value ( 0.28), indicating it has the most signif-
icant influence on the model’s output. This suggests that the CNN heavily relies on
this structural feature when making classification decisions. The Clustering Coefficient
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follows with a mean SHAP value of approximately 0.03, showing a moderate impact.
In contrast, features such as LHNI Index and MFI_Index display substantially lower
SHAP values ( 0.01), implying a relatively minor role in shaping the predictions.

These findings highlight the importance of global structural properties—particularly
Preferential Attachment—in guiding the CNN’s classification process for link prediction
tasks.

Preferential_Attachment +0.28
Clustering_Coefficient
LHNI_Index
MFI_Index

0.00 0.05 0.10 0.15 0.20 0.25 0.30

mean(|SHAP value|)

Figure 3.1: The bar plot of the mean SHAP of the Email-Eu-Core dataset

Figure 3.2 presents a bar plot of the mean absolute SHAP values across features,
highlighting their relative importance in the CNN model’s predictions for the Facebook
dataset. The Common_ Neighbors feature exhibits the highest mean SHAP value ( 0.21),
suggesting it has the most decisive influence on the model’s output. This is followed by
Adamic_Adar and Resource_ Allocation Index, both with mean SHAP values of approx-
imately 0.14, indicating they also contribute significantly to the model’s predictions. In
contrast, Preferential _Attachment shows a substantially lower mean SHAP value ( 0.04),
while LHNI Index and MFI Index have mean SHAP values close to zero. These find-
ings suggest that local similarity-based features play a more prominent role in the CNN’s
classification performance on the Facebook dataset than global structural metrics.

These figures, 3.3 and 3.4, present a detailed SHAP summary plot for the CNN model
on the Email-Eu-Core and Facebook datasets. The x-axis represents the SHAP value,
indicating the impact of each feature on the model’s output. Positive SHAP values show
features pushing the prediction higher, while negative SHAP values indicate features
pushing the prediction lower. The color of each dot represents the feature value, with
blue indicating low values and red indicating high values. Figure 3.3 illustrates the
distribution of SHAP values for each feature in the CNN model applied to the Email-Eu-
Core dataset, offering insights into both the direction and magnitude of their influence
on the model’s predictions. The Preferential Attachment feature exhibits the broadest
range of SHAP values, spanning from approximately( —0.4to + 0.6). This indicates that
it can strongly influence the prediction in either direction, depending on the input value.
Notably, higher feature values (depicted in red) tend to increase the predicted probability,
whereas lower values (in blue) are associated with a decrease in the prediction.

The Clustering Coefficient also shows a moderate spread in SHAP values, though
most are centered around zero. This suggests that, in many instances, it has a minimal
effect on the model’s output. However, in specific cases, both high and low values can
contribute to either a positive or negative shift in the prediction.

In contrast, LHNI Index and MFI Index exhibit minimal overall impact. Their
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Common_Neighbors +0.21
Adamic_Adar +0.14
Resource_Allocation_Index +0.14
Preferential_Attachment +0.04

LHNI_Index | +0
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Figure 3.2: The bar plot of the mean SHAP of the Facebook dataset

SHAP values are concentrated near zero, indicating limited influence on the model’s de-
cisions, although a few high-value instances exhibit a slight positive effect. These observa-
tions reinforce the dominant role of Preferential Attachment and Clustering Coefficient
in the CNN’s performance on the Email-Eu-Core dataset, particularly in capturing struc-
tural patterns within the underlying graph.

High
Preferential_Attachment
5
Clustering_Coefficient [
()]
LHNI_Index —— %
g
MFI_Index e
T T T T T T Low
-0.4 -0.2 0.0 0.2 0.4 0.6

SHAP value (impact on model output)

Figure 3.3: Summary plot of the CNN model for the Email-Eu-Core dataset.

Figure 3.4 shows that the Common_ Neighbors feature has a varied impact with points
scattered across the SHAP value range, indicating that it can have positive and negative
effects on the prediction. High values (red) tend to increase the prediction, while low
values (blue) tend to decrease it.Adamic_ Adar and Resource_ Allocation_ Index features
also display a broad distribution of SHAP values, reflecting their complex influence on the
model’s output. They have a mix of positive and negative impacts depending on their
value. The Preferential Attachment feature has a wide range of SHAP values, from
approximately (-0.4 to 0.4), indicating it can both significantly increase and decrease the
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model’s predictions depending on its value. Higher values of Preferential Attachment
(in red) generally increase the prediction, while lower values (in blue) tend to decrease
it.LHNI Index and MFI_Index features have a minor impact on the prediction. The
SHAP values are mainly close to zero, indicating minimal influence on the model’s output.
However, in a few cases, high values (red) can slightly increase the prediction.
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Figure 3.4: Summary plot of the CNN model for the Facebook dataset.

3.4 Conclusion

This chapter presented a hybrid link prediction framework that integrates similarity mea-
sures, supervised ML models, and an enhanced Binary Butterfly Optimization—inspired
feature selection strategy. The proposed approach improves prediction accuracy, reduces
feature redundancy and computational complexity, and SHAP-based explainability sup-
ports transparent interpretation of model outputs. Experimental evaluations on real-
world social network datasets demonstrate the effectiveness of the framework, with the
CNN model achieving the best performance, reaching 98% accuracy on the Facebook
dataset and 85% on the Email-Eu-Core dataset.
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Chapter 4

High-Accuracy Prediction of
International Raw Material Trade
Flows Using Temporal Fusion
Transformer

4.1 Introduction

In this chapter, we present our contribution to international trade forecasting by lever-
aging the TF'T model. Our approach aims to accurately predict raw material trade flows
between countries. We construct a rich, hybrid dataset encompassing trade, economic,
and geographic features by integrating data from multiple trusted sources, including the
UN Comtrade database, the CEPII Gravity dataset, and the World Bank. The applica-
tion of TFT enables us to capture complex temporal dependencies while offering model
interpretability, which is crucial for identifying key influencing factors. This chapter de-
tails the methodology, experimental setup, results, and implications of our model, high-
lighting its robustness under volatile trade conditions, including those observed during
the COVID-19 pandemic and geopolitical disruptions such as the Ukraine war.

4.2 Methodology

This section outlines our research contribution through three key components, as shown
in Figure 4.1: Data integration and pre-processing, model training, and evaluation. We
start by describing the data used and the steps to prepare it for analysis. We then discuss
the model’s training process and conclude with an evaluation of its performance.

4.2.1 Data Integration and Pre-processing

The first step in our approach was to collect and clean the necessary datasets. We
integrated data from the UN Comtrade database. (2023) https://comtradeplus.un.
org/, a detailed source of international trade information, the CEPII gravity data CEPII
Gravity Database, Version: CEPII,2022-2, http://www.cepii.fr/, and the World Bank
Open Data World Bank Open Data, https://databank.worldbank.org/, which offers
a wide range of global economic and social statistics, to form a comprehensive dataset.
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Figure 4.1: Research framework architecture.

We preprocessed these datasets to address inconsistencies and impute missing values,
ensuring that our analysis is accurate.

The United Nations Comtrade Database is widely acknowledged as the most
authoritative global data source for international trade in goods. It is an original, highly
standardized database for monitoring international goods trade, covering bilateral trade
among 250 countries and territories. The database categorizes over 5,000 products at the
6-digit HS product code level and comprehensively covers global trade. Each database
entry represents a well-structured bilateral trade flow record, including the reporting
country, partner country, traded product, trade value, and quantity. Official national
entities collect the data, ensuring accuracy and reliability.

The database provides an extensive record of global trade flows, capturing import and
export details for a wide array of goods and commodities. This dataset provides detailed
information on the commodities exchanged between countries. It includes details on the
trading countries, product codes, quantities, and values.

For this study, we selected a variety of raw materials for our experiments. This selec-
tion is based on [97], which developed trade codes for non-food, non-fuel raw materials
and their products at the HS6 level. The chosen materials include those critical to the
EU’s economy and supply chain security, encompassing abiotic, biotic, and synthetic
categories. Abiotic raw materials include metals, industrial minerals, and construction
minerals, such as aluminum, cobalt, lithium, magnesium, nickel, and rare earth elements.
These are vital for key industries and technologies and carry a high supply risk due to the
EU’s import dependency. Biotic raw materials include natural substances such as natu-
ral rubber, cork, and industrial roundwood, which are crucial to various manufacturing
sectors. Additionally, synthetic materials, such as artificial graphite, rubber, and carbon
fibers, are examined for their technological importance. In total, 282 raw materials at
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the HS6 level were studied.

CEPII Gravity Database is a widely employed and comprehensive resource for
estimating gravity models and exploring bilateral trade flows. This dataset encompasses
a range of features that facilitate a deeper understanding of international trade dynamics.
The dataset includes key macroeconomic indicators, including GDP, GDP per capita, and
population. Additionally, the dataset consists of geographic features, such as bilateral
distances and shared borders, as well as other elements, such as shared languages and
historical colonial ties. The CEPII Gravity Dataset spans the period from 1948 to 2021
and provides extensive geographic coverage, with data for 252 countries and territories.

The CEPII Gravity Dataset collects data from diverse sources. The World Bank’s
World Development Indicators (WDI), the International Monetary Fund (IMF), and the
World Trade Organization (WTO) contribute to the dataset’s richness. At the same time,
CEPII’s databases directly source a substantial portion of the data.

The World Bank Open Data offers a wide range of global economic and social
statistics, including crucial indicators on the Gross Domestic Product (GDP) and pop-
ulation. It also provides extensive data on critical areas, including poverty, education,
and gender.

Combining the UN Comtrade dataset with gravity and World Bank features enhances
its depth and scope. This hybrid dataset, comprising traded products and macroeconomic
and geographic variables, serves as the foundation for our trade flow prediction analysis.

4.2.1.1 Data Integration

Harmonizing diverse datasets based on common elements, such as commodity and country
codes, is crucial for integrating gravity features with UN Comtrade data. This alignment
creates a unified framework that combines information on traded goods with broader
gravity-model features. The resulting integrated dataset underpins our analysis, enabling
a comprehensive examination of the interplay between macroeconomic indicators and
commodity-specific details in international trade dynamics. The resulting hybrid dataset
includes a range of factors, as summarized in Table 4.1.

Table 4.1: Factors in the hybrid dataset

Factor Description

Trade value The real value of goods exchanged between two nations, ex-
pressed in US Dollars (USD). Derived from the UN Comtrade
dataset.

Product code Harmonised System (HS) codes representing specific traded
goods, facilitating an in-depth examination of trade connec-
tions.

Population Total number of residents in each trading nation are essential
for gauging market size and potential import demand.

GDP per capita FEconomic performance per individual are calculated by divid-

ing the GDP by the total population. Provides insights into
the average economic well-being and purchasing power of cit-
izens.

Distance Geographical distance between trading countries.
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4.2.1.2 Data Cleaning

The data cleaning process involved applying various criteria to ensure the dataset’s ac-
curacy and relevance. Focusing on the UN Comtrade monthly data from 2017 to 2023
under the HS 2012 revision, we curated a subset by retaining export data (flowCode X)
associated with all customs procedure codes (CustomsCode C00), all modes of transport
(MotCode 0), and all last known destinations (Partner2Code 0).

To enrich the dataset, we integrated additional features from the World Bank dataset,
including GDP and GDP per capita for exporting and importing countries, as well as
the populations of the origin and destination countries. Furthermore, the geographical
distance between countries (dist), sourced from the CEPII gravity dataset, was included
to provide context for trade relationships.

We addressed data completeness by removing groups with missing timestamps, thereby
ensuring a continuous, uninterrupted time series. Maintaining a constant time series en-
sures robust forecasting.

A crucial step in the data preprocessing was excluding specific HS codes that intro-
duced significant volatility. Specifically, we removed HS code 271121 (Petroleum gases
and other gaseous hydrocarbons; in a gaseous state, natural gas) and HS code 271111
(Petroleum gases and other gaseous hydrocarbons; liquefied, natural gas). This decision
was motivated by substantial fluctuations in natural gas prices during the study period,
which could distort the results and complicate forecasting.

The rationale for excluding these commodities is their high sensitivity to external
market factors, including geopolitical events, supply chain disruptions, and seasonal de-
mand variations. Natural gas prices exhibited pronounced spikes and troughs, resulting
in extreme outliers that could overshadow more stable trends in other commodities. This
exclusion improves generalization and forecasting stability.

To assess the impact of this exclusion, we compared the dataset with and without nat-
ural gas by analysing monthly averages over the study period. Figure 4.2, which includes
natural gas data, shows significant volatility, with an average peak of approximately 5.0
million USD per HS code in 2022. This high level of fluctuation reflects the sensitivity
of natural gas to external price shocks, contributing to significant variability that can
hinder the accuracy of forecasting models.

In contrast, excluding natural gas presents a more stable trend. The values gradually
rose from 2017, peaking just above 3.5 million USD per HS code in 2022, followed by a
moderate decline in 2023. Removing natural gas data significantly reduces the impact
of external market fluctuations, resulting in a remarkably stable dataset that is highly
reliable for predictive modeling.

This comparison underscores the advantages of excluding natural gas data, leading to
a more reliable and stable dataset. By minimizing the influence of extreme outliers, the
exclusion enhances the overall accuracy and robustness of predictive models. After data
cleaning and preparation, the final dataset is summarized in Table 4.2, which details the
features and their corresponding measurements.

4.2.1.3 Data Normalization

This essential step ensures that numerical features are uniformly scaled, covering macroe-
conomic and product-specific factors. By applying MinMax scaling to the distance, pop-
ulation, GDP per capita, and GDP columns, we created a standardized and consistent
framework for analysis, mitigating potential biases from differing feature scales.
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Figure 4.2: Comparison of the monthly average trade value per HS code, with and without
natural gas, in USD (2017-2023).

4.2.1.4 Train-Test Split

To evaluate the model’s performance, we employed a temporal split for the dataset using
the Python module "TimeSeriesDataSet”. Data from January 2017 to December 2022
were used for training, while data from January 2023 to December 2023 were reserved
for testing. Ensures realistic out-of-sample evaluation.

4.2.2 Model Training

This section details the parameters and inputs used to train the TF'T model, highlighting
the specific configurations and data preparation steps that contribute to its performance.
As outlined in Table 4.3, we used random search and carefully selected and tuned various
parameters to achieve optimal performance for our prediction tasks. Our experimentation
evaluated multiple window lengths across different parameter settings, both with and
without additional feature inputs. This approach enabled us to assess the impact of
various configurations on model performance systematically.

To better understand the model’s behavior, we explored different historical data win-
dows, with encoder lengths of 6, 12, and 24 months, to predict trade values for 2023.
By varying these window lengths, we observed how different time horizons influenced
the model’s accuracy and generalization. This exploration provided valuable insights,
identifying the most effective configurations and demonstrating the model’s robustness
across diverse setups.
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Table 4.2: Bilateral trade datasets

Parameter Value

Period January 2017 - December 2023
Frequency Monthly

Reporter Code 44

Partner Code 133

Group (Reporter-Partner- 13,823

Commodity)

Commodity Code 264

Size 1,159,536

Features GDP per capita, Population, Distance

We also experimented with incorporating additional feature inputs, observing how the
integration of gravity features affected model performance. Reporter, partner, and com-
modity codes were treated as static covariate variables, remaining constant throughout
the prediction process. In contrast, dynamic variables such as GDP per capita, popula-
tion, and distance were treated as gravity features, thereby introducing variability that
the model learned to predict.

Hyperparameter optimization was conducted through extensive experimentation to
ensure an optimal balance between model complexity and predictive performance. An
iterative tuning process was employed to refine key architectural choices, enhancing the
model’s ability to capture temporal dependencies and complex patterns in the data. A
learning rate of 0.0003 was selected to maintain stability while ensuring effective con-
vergence. The hidden layer size was tested at 128 and 64, and attention head sizes
at 64 and 32 were explored to assess their impact on capturing intricate dependencies.
Larger attention heads improved the model’s ability to extract meaningful relationships
but increased the risk of overfitting, whereas smaller attention heads reduced the risk of
overfitting but could lead to underfitting.

To further enhance temporal feature extraction, Long Short-Term Memory (LSTM)
layers were set to 2 and 4, enabling the model to learn both short-term and long-term
dependencies. Additionally, hidden continuous sizes of 32 and 64 were examined to
evaluate their influence on performance. A dropout rate of 0.1 was used to mitigate
overfitting, and training was conducted for 50 epochs with a fixed batch size of 128,
balancing computational efficiency and generalization. Specifically, two model hypotheses
were tested: Hypl, where the hidden size was set to 128, LSTM layers to 4, attention
head size to 64, and hidden continuous size to 64; and Hyp2, where the hidden size was
reduced to 64, LSTM layers were set to 2, attention head size to 32, and hidden continuous
size to 32. These configurations were designed to evaluate the effects of varying network
depth, feature-extraction capacity, and attention mechanisms on predictive accuracy. The
comparative analysis of these hypotheses provides insights into the trade-offs between
model expressiveness and computational efficiency, guiding the selection of an optimal
architecture for time-series forecasting.

One key feature of TFT is that it provides users with a confidence interval. This helps
in understanding the range within which the value should lie with a given confidence
level. This is usually done using quantiles, in which multiple outputs correspond to
different quantile predictions. In our approach, we used seven output quantiles to provide
a comprehensive understanding of the prediction range. To select the most accurate
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forecast, we evaluated the performance of each quantile using three key metrics: Mean
Absolute Error (MAE), Mean Squared Error (MSE), and R-squared (R). The median
value (50th quantile) was chosen as the primary prediction because it strikes the best
balance, minimizing MAE and MSE while maximizing R. This quantile-based approach
enables the model to capture the distribution of possible outcomes, yielding more robust
and informative forecasts. In scenarios such as international trade forecasting, this range
is particularly useful, as it provides practical estimates for data-driven economic decision-
making.

Table 4.3: Hyperparameters of the model

Parameter Value

Past Target Trade value

Known Variables Year, Month

Unknown Variables GDP per capita, Population, Distance

Static Covariates Reporter Code, Partner Code, Commodity
Code

Encoder Length 6,12,24]

Decoder Length 12

Learning Rate 0.0003

Hidden Size [64,128]

Attention Head Size (32 ,64]

LSTM Layers 2,4]

Dropout 0.10

Hidden Continuous Size [32,64]

Epochs 50

Batch Size 128

4.2.3 Evaluation

This section provides an overview of the evaluation process for our model, detailing the
experimental setups used for training and testing, the baseline models used for compari-
son, and the evaluation metrics used to assess the model’s performance.

4.2.3.1 Setups

We run the models on an Apple Mac with an M2 Ultra 24-core CPU and 192GB of RAM,
using Jupyter Notebook and Python 3.9, and leverage essential libraries such as Keras
(version 2.3.1), PyTorch (2.3.1), PyTorch Forecasting (1.0.0), and PyTorch Lightning
(2.2.1).

4.2.3.2 Baselines

We evaluate the prediction performance of the TFT model on trade flow by comparing it
against Random Forest and Graph Attention Network. Both baseline models utilize the
UN Comtrade dataset, ensuring a consistent basis for comparison.

93



Chapter 4 : High-Accuracy Prediction of International Raw Material Trade Flows Using
Temporal Fusion Transformer

« Random Forest: As proposed in [218], the model builds multiple decision trees
during the training phase and provides the average prediction of all the individ-
ual trees. The authors highlighted that Random Forest outperformed traditional
trade gravity approaches in predicting international trade. This model is recognized
for its robustness to overfitting and its ability to handle large datasets with high
dimensionality.

o Graph Attention Network: As proposed in [196], the model utilizes an attention
mechanism to aggregate features from neighboring nodes in a graph. This model
assigns varying importance to neighboring nodes, enabling more nuanced feature
extraction than traditional graph convolutional networks.

Both models demonstrated good performance on the annual UN Comtrade dataset; in
our comparison, we evaluate their performance on more granular monthly data. By com-
paring TF'T with these baseline models, we aim to highlight the efficacy and advantages
of our proposed approach to predicting trade values.

4.2.3.3 Features Importance

Built-in interpretability in the TFT model enables a clear understanding of the impor-
tance of features in its predictions. Through its architecture, the model facilitates the
calculation and visualization of feature importance, thereby identifying the variables with
the most significant impact on forecasted trade flows. The TFT model classifies feature
importance into three distinct categories: Encoder features relate to past targets and
covariates; decoder features focus on future covariates; and static features involve fixed
covariates. The interpretation results demonstrate that each feature type plays a dis-
tinct role in shaping the model’s outputs. Static features, such as reporter, partner, and
commodity codes, provide a stable context for the model’s predictions, grounding the
analysis in fixed attributes of trade relationships. Encoder features capture historical
context, including past economic indicators like GDP per capita, population, and trade
distances, which inform the model’s understanding of future trade flows. Meanwhile,
decoder features emphasize forward-looking information, highlighting how future covari-
ates, such as relative time indices, influence the model’s forecasts. This interpretability
not only enhances the model’s transparency but also provides valuable insights into the
key drivers of its predictions, facilitating more informed decision-making.

4.3 Results

Table 4.5 presents TFT’s performance evaluation with and without gravity features (pop-
ulation, GDP per capita, and distance between countries) compared with its competitors,
RF and GAT. The results indicate that the GAT model achieved the highest R-squared
value of 0.93, suggesting that it explains the greatest portion of the variance in trade
values. However, it also had the highest MAPE 32.7 x 10? and MAE 7.9 x 10°, indicating
significant sensitivity to outliers and larger average errors.

The TFT model with gravity features presents a well-balanced performance. With
an R-squared of 0.85, it performs reasonably well in terms of explaining variance, though
slightly lower than GAT. Its MAPE of 2.7 x 10% and MAE of 1.1 x 10° are significantly
lower than those of GAT and RF, underscoring its effectiveness in minimizing relative and
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Table 4.4: Model Performance Using Test Dataset in 2023 with Different Parameters

Hyperparameter Windows R-squared  MAPE MPE MSE MAE

With Gravity Features

Hypl (6,12) 0.83 3.1x10° —3.1x10® 1.3 x 10" 1.23 x 10°
(12,12) 0.84 3.1x10% —=3.1x10® 1.3 x 10" 1.14 x 10°
(24,12) 0.85 2.7x 10> —27x10% 1.2x10" 1.1 x 106

Hyp2 (6,12) 0.83 4.2 x10% —4.2x10* 1.3 x 10" 1.2 x 108
(12,12) 0.82 517 x 10 —5.2x 103 1.4 x 10" 1.4 x 106
(24,12) 0.82 4.1x10% —4.1x10° 1.4 x10" 1.3 x 108

Without Gravity Features

Hypl (6,12) 0.81 3.6 x10° —3.6x10° 1.1 x10" 1.1 x 108
(12,12) 0.84 28 x 10> —29x10% 1.5x 10" 1.3 x 106
(24,12) 0.84 2.7x 10> —2.6x10®> 1.3 x 10" 1.2 x 106

Hyp2 (6,12) 0.78 56 x 10> —5.6 x 10> 2.2 x 10" 1.6 x 10°
(12,12) 0.82 27x10° —27x10° 1.2x 10" 1.1 x 10°
(24,12) 0,83 3.0x 10 —29x10® 14x10% 1.1 x10°

average absolute errors. Similarly, the MSE for TFT with gravity features (1.2 x 10'*)
is lower than RF but comparable to GAT, indicating moderately significant errors. The
TFT model without gravity features performs similarly, with an R-squared of 0.84 and
comparable MAPE 2.7 x 10> and MAE 1.2 x 10°. This indicates that while gravity
features contribute to performance improvements, the TFT model without them still
provides competitive results, showing robustness in handling trade predictions.

The RF model, with an R-squared of only 0.83, lags behind the other models. It also
has the highest MSE 1.4 x 10**, MAPE 48.2 x 103, and MAE 1.4 x 10, indicating weaker
performance, particularly in handling outliers and producing accurate predictions.

While TF'T consistently outperforms RF and remains a competitive alternative to
GAT, its performance in international trade prediction is influenced by multiple factors,
including feature selection, historical window sizes, and hyperparameter configurations.
A detailed evaluation was conducted to analyze how these elements shape the model’s
accuracy and robustness. The findings, as presented in Table 4.4, show how different
configurations affect key evaluation metrics, including R-squared, MAPE, MPE, MSE,
and MAE. In the following paragraphs, we analyze how gravity-related features, differ-
ent input window sizes, and hyperparameter choices contribute to TFT’s effectiveness in
predicting international trade values.

o Effectiveness of Gravity-Related Features: One of the key findings of this study
is the substantial improvement in predictive performance achieved by integrating
gravity-related features (e.g., population, GDP per capita, and distance between
countries) into the TFT model. These features enhance the ability to capture
intricate spatial-temporal dependencies, leading to lower MAPE, MPE, MSE, and
MAE values. The higher R-squared values observed in models with gravity-related
inputs further confirm their positive impact on predictive reliability.

« Effectiveness of Different Window Sizes: The choice of window size plays a crucial
role in determining the model’s ability to extract meaningful temporal patterns.
The results indicate that larger window sizes (24, 12) consistently yield lower error
values, reinforcing the hypothesis that longer input sequences enable the model to
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capture deeper temporal dependencies. Conversely, shorter window sizes (6,12)
lead to higher prediction errors, likely due to their limited historical context, which
limits the model’s ability to generalize over time. Interestingly, the advantages
of longer windows are even more pronounced when coupled with gravity-related
features. The synergy between extended input sequences and enriched feature rep-
resentations enables the model to achieve greater predictive accuracy.

o FEffectiveness of Different Parameter Configurations: Beyond feature selection and
temporal context, model performance is also influenced by hyperparameter choices.
A comparison between Hypl and Hyp2 reveals that increased model complexity en-
hances predictive accuracy. Specifically, Hypl, which utilizes a larger hidden size,
deeper LSTM layers, and a higher attention head dimension, consistently outper-
forms Hyp2 across all evaluation metrics. This suggests that deeper architectures
facilitate more effective feature extraction and representation learning. The supe-
riority of Hypl is particularly evident when gravity features are included, as the
larger model capacity allows for better utilization of enriched input representations.
However, this comes at the cost of greater computational demands, which may pose
challenges for real-time applications where efficiency is critical. In contrast, Hyp2,
with its reduced complexity, offers a more resource-efficient alternative while still
maintaining reasonable predictive performance.

Table 4.5: Model performance using test dataset in 2023

Model R-squared MAPE MPE MSE MAE
TFT with gravity features 0.85 2.7x10° —27x10° 1.2x 10" 1.1 x 106
TFT without gravity features 0.84 27x10° —26x10® 1.3x10" 1.2 x 106
RF 0.83 48.2x 103 —48.2x10% 1.4 x 10 1.4 x 106
GAT 0.93 32.7x10> —11.6x10® 1.3 x 10" 7.9 x 10°

We analyze the TFT model results (with gravity features) to assess the significance
of these features. This analysis provides insights into how these features influence the
model’s predictions, highlighting their contributions to understanding trade dynamics.
Figure 4.3 shows the importance of the encoder features. This analysis highlights the
dominant role of the population of the origin country (pop_o), which has the highest
importance score and contributes approximately 20% to the model’s predictive accuracy.
The time index (time_ idx), which represents the sequential time steps in the forecasting
model, follows closely with a score of approximately 17%. Other worthy-of-mention fea-
tures include the reference year (refYear, 4%) and the reference month (refMonth, 3%),
which capture seasonal trends and temporal structure. Economic variables such as the
GDP per capita of the origin (gdpcap_o, 1%) and destination (gdpcap_d, 1%) countries,
as well as the distance between them (dist, 2%), also provide contextual economic infor-
mation, though with lower impact. The destination country’s population (pop_d, 2%)
contributes moderately to the overall predictions.

Figure 5.1 shows the importance of the decoder feature. The time index, with an
importance score of 20%, typically represents the absolute position in the time series
and helps the model understand the sequence of events. Following the time index, the
reference year 13% and reference month 5% also play important roles in the model’s pre-
dictions. The reference year helps the model account for yearly trends and seasonal pat-
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Figure 4.3: Encoder features importance

terns, while the reference month provides additional granularity to understand monthly
variations.
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Figure 4.5 illustrates the static feature importance. The reporter code is the most
critical feature, with a strong influence on prediction accuracy and an importance score
of 12%. In comparison, the partner code 8% and commodity code 10% have a moderate
impact, indicating their roles are less substantial but still relevant.
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Figure 4.5: Static feature importance
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Overall, this visual representation of feature importance provides key insights into
how different variables contribute to the TFT model’s predictive power.

4.4 Discussion

Regarding model performance, the TFT demonstrates a significant advantage over tra-
ditional machine learning models, such as Random Forest, and more sophisticated archi-
tectures, such as Graph Attention Networks. The TFT model consistently yields lower
relative and absolute errors, as evidenced by superior evaluation metrics such as Mean
Absolute Percentage Error (MAPE) and Mean Absolute Error (MAE). This strong per-
formance highlights its ability to effectively capture the intricate, nonlinear relationships
governing international trade flows while adeptly managing multi-horizon temporal de-
pendencies.
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Figure 4.6: Analysis of Prediction Error Distribution

However, despite these strengths, certain limitations remain. As shown in Figure 4.6,
the histogram of prediction error distribution follows a normal distribution, with most
errors concentrated around zero, indicating high model accuracy. This suggests that the
model performs well in predicting trade flows, as mistakes are symmetrically distributed
with minimal bias. However, the presence of outliers—occasional large deviations from
the mean—suggests that the model may struggle in specific cases, potentially due to ex-
treme economic shocks, data sparsity, or unexpected trade fluctuations. These anomalies
highlight the need for further refinement, such as improved feature engineering and the
inclusion of additional macroeconomic indicators. Addressing these challenges could fur-
ther strengthen the TFT model’s robustness and reliability in forecasting international
trade patterns.

Incorporating data from global disruptions such as the COVID-19 pandemic and
the ongoing war in Ukraine further demonstrates the model’s robustness. These events
have caused unprecedented volatility and disruptions in international trade, significantly
impacting supply chains, trade policies, and market demand. Despite this complexity, the
TF'T model has shown a strong capacity to adapt to these changes, effectively accounting
for the sudden shifts and uncertainties in global trade patterns. As a result, it not only
provides reliable forecasts during periods of relative stability but also offers valuable
insights into managing crises and unexpected disruptions. This adaptability highlights
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the TF'T model’s potential as a tool for future crisis management, aiding policymakers
and businesses in anticipating and navigating market fluctuations more effectively.
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Figure 4.7: Comparison of Predicted and Primary Values for Chemical Products (HS
382499) between Germany and the United States of America using TFT Model
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Figure 4.8: Comparison of Predicted and Primary Values for Chemical Products (HS
382499) between Germany and the Netherlands using the TFT Model

To illustrate the model’s predictive performance, Figures 4.7 to 4.10 present compar-
isons of the predicted and actual trade values for specific commodities between selected
countries. In Figure 4.7, the TF'T model accurately captures the trade patterns of chem-
ical products (HS 382499) between Germany and the United States. Several factors may
explain the sharp increase in actual trade values in early 2023. Most plausibly, it reflects
one-off, large-scale, or strategic batch shipments, possibly related to inventory restocking
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Figure 4.9: Comparison of Predicted and Primary Values for Zinc ores and concentrates
(HS 260800) between Australia and China using TFT Model
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Figure 4.10: Comparison of Predicted and Primary Values for Aluminium ores and con-
centrates (HS 260600) between Australia and China using TFT Model

or to contractual obligations postponed from prior months. Given the volatility in global
trade during this period—including ongoing supply chain disruptions and geopolitical
uncertainty—such fluctuations are not uncommon. However, without detailed shipment-
level data or additional contextual information (e.g., firm-level transactions), it is difficult
to definitively attribute the spike to a single cause. From a modeling perspective, the
TFT model performs well in tracking the overall trend, as reflected in the predicted
values, which closely align with the actual values for the remainder of the time series.
Similarly, Figure 4.8 depicts the trade flows of the same chemical products between
Germany and the Netherlands. The model successfully predicts the fluctuations and
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seasonal variations in trade values, highlighting its capability to adapt to intra-European
Union trade dynamics.

Figure 4.9 showcases the trade of zinc ores and concentrates (HS 260800) between
Australia and China. The model effectively captures the upward trend and the volatility
in trade values, reflecting the strong demand for raw materials in China’s manufacturing
sector and Australia’s role as a key supplier.

Figure 4.10 presents the trade flows of aluminum ores and concentrates (HS 260600)
between Australia and China. The TFT model closely aligns with actual trade values,
albeit with a tendency to predict slightly lower trade figures, for Figures 4.9 and 4.10,
some deviations are also evident. As noted in the discussion of Figure 4.7, lower values
in specific months may be balanced by shipments recorded in earlier or later months.
Additionally, inaccuracies in the UN Comtrade data—sometimes corrected only at a
significantly later stage—may contribute to these discrepancies. Despite this, from a
modelling standpoint, the TF'T model performs reasonably well in capturing the overall
trend, with predicted values aligning reasonably well with actual values for the remainder
of the time series.

In various ways, policymakers and companies can use insights from the TFT model
to inform strategic planning. For example, they can identify and prioritize trade rela-
tionships with countries with higher demand potential, thereby tapping into new markets
and diversifying their trade portfolios. This approach not only promotes economic growth
but also mitigates the risks associated with reliance on a limited number of trading part-
ners. In addition, stakeholders can optimize supply chain management by identifying
vulnerabilities and adjusting sourcing and logistics strategies accordingly. This may in-
volve diversifying suppliers, investing in alternative transportation routes, or improving
inventory management to protect against potential disruptions. By incorporating these
strategies, businesses can build more resilient operations, while policymakers can create
supportive frameworks that facilitate smoother trade flows, even in times of uncertainty.
Consideration of potential market demand and supply is particularly crucial for economies
that may be too small to compete on volume and, therefore, must focus on high-value
niches in the global market [101, 217].

The TFT model’s feature importance analysis provides valuable economic insights into
international trade flows. The GDP per capita of the destination country emerged as the
most influential feature in the model’s predictions, suggesting that wealthier countries
have a greater propensity to import raw materials. This aligns with economic theories
that posit that higher-income countries exhibit a greater demand for raw materials due to
their advanced, complex industrial sectors and higher consumption levels. Policymakers
in exporting countries can leverage this information to target more prosperous nations
when formulating trade policies or marketing strategies for raw material exports. Addi-
tionally, businesses can use this insight to identify markets with higher demand potential,
allowing them to focus their efforts on countries with greater expected demand.

The model also emphasizes the importance of temporal factors, including season-
ality and economic cycles, indicating that changes in global economic conditions affect
trade volumes. This knowledge can help governments and businesses optimize their trade
strategies according to economic conditions.

Population size in origin and destination countries also plays a crucial role, reflecting
market size and labor force availability.

The moderate importance of geographic distance is consistent with the gravity model
of trade, underscoring the value of regional trade agreements and infrastructure improve-
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ments in reducing trade costs.

Static features, such as reporter and partner codes, indicate that the identities of trad-
ing countries significantly affect trade flows, driven by trade agreements and production
capacities.

The importance of commodity codes suggests that certain raw materials are more
vital in international trade, guiding countries to diversify their trade portfolios.

4.5 Conclusions

In this chapter, we introduced a novel application of the TFT model for forecasting in-
ternational trade flows, with a particular focus on raw materials. By integrating data
from the UN Comtrade database, the CEPII Gravity dataset, and the World Bank—
spanning the years 2017 to 2023 and encompassing major global disruptions like the
COVID-19 pandemic and the war in Ukraine—we demonstrated the TFT model’s ro-
bustness, adaptability, and superior predictive accuracy compared to traditional meth-
ods such as Random Forest and even advanced models like Graph Attention Networks.
Despite its strong performance, the TFT model requires substantial computational re-
sources, time-consuming hyperparameter tuning, and careful calibration, which can limit
its practicality in large-scale or real-time forecasting scenarios. To address these lim-
itations, we propose exploring LLMs, which have demonstrated strong performance on
time-series tasks. Leveraging their contextual reasoning and scalable architectures, LLMs
offer a promising alternative that may provide faster, more flexible, and equally accurate
forecasting capabilities. The next chapter delves into this exciting direction, marking a
strategic evolution in our approach to modeling global trade flows.
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Chapter 5

TransFusion-LM: Revolutionizing
Trade Flow Forecasting with LLMs

and TFT Integration

5.1 Introduction

In this chapter, we extend our exploration of international trade forecasting by introduc-
ing a novel hybrid approach that leverages the power of LLMs in combination with TFT.
Building on TFT’s strengths in handling diverse feature sets and temporal dynamics,
we propose TransFusion-LM. This model improves predictive accuracy by applying ad-
vanced prompting techniques to LLMs, including GPT-3.5-turbo, GPT-4-turbo, LLaMA
2, and LLaMA 3. This approach allows us to integrate not only historical trade data,
but also a wide range of economic and geographic indicators, without requiring extensive
fine-tuning. By embedding TFT outputs into LLM prompts, we reduce reliance on large-
scale training and enable more efficient, context-aware forecasting. This chapter outlines
the motivation, architecture, prompting strategies and performance evaluation of our
TransFusion-LM framework, demonstrating its effectiveness in forecasting international
trade flows and its adaptability to emerging challenges in global trade.

5.2 Methodology

This section outlines our research contribution through three key components: data,
TransFusion-LM, and evaluation. We begin by describing the dataset, including how we
sampled it and converted it to text. Next, we explain our approach. Finally, we evaluate
the performance of the model.

5.2.1 Data

In our previous research [18], in which we applied the TF'T model to forecast international
trade flows, we explicitly focused on raw materials. The model utilized a comprehensive
dataset from 2017 to 2023, integrating information from the UN Comtrade database
[223], the CEPII Gravity dataset [40], and the World Bank [240]. This dataset includes
a variety of features, including geographical attributes (e.g., distance between trading
partners), demographic data (e.g., population sizes) and economic indicators (e.g., GDP

103



Chapter 5 : TransFusion-LM: Revolutionizing Trade Flow Forecasting with LLMs and
TFT Integration

and GDP per capita). We trained the TFT model using both temporal and static features
in the data to predict trade flows for 2023. The TFT model was trained on historical
data from 2017 to 2022 and evaluated on a separate test dataset from 2023. However, in
our analysis, we rely exclusively on 2022 as the historical dataset and focus on predicting
trade flows for the 2023 test dataset.

5.2.1.1 Data sampling

In this paper, we selected a representative sample of 100 groups (Reporter—Partner—
Commodity combinations) from the test dataset for evaluation. Several key considera-
tions, including computational feasibility, sample diversity, generalizability, and statis-
tical rigor, guided this choice. The selected combinations were drawn from entries with
fully available, complete data across all variables, including trade values, GDP, popula-
tion, and bilateral distance.

o Computational Feasibility: LLMs have inherent constraints on input token lim-
its, especially when employing advanced prompting techniques like Few-Shot-CoT.
Generating predictions for a large dataset with diverse input features—such as
historical trade values, GDP, population, and TFT-predicted outputs—requires
significant computational resources. Selecting 100 groups balances computational
efficiency with a sufficiently large sample for robust evaluation.

» Diversity and Representativeness: The 100 groups were selected via random sam-
pling to capture heterogeneity in trade flows across countries, commodities, and
economic indicators. As summarized in Table 5.1, this sample includes:

— A diverse range of reporter and partner countries that reflect global trade
dynamics.

— Various commodity codes, ensure that the sample is not biased toward specific
industries or sectors.

— A mix of high- and low-GDP countries, large and small populations, and
varying geographical distances.

o Generalizability: The selected groups represent a broad cross-section of interna-
tional trade flows, enabling the findings to be generalized to the wider dataset.
The random sampling approach ensures that the sample mirrors the distribution of
features (e.g., economic and geographic diversity) in the full dataset.

» Statistical Rigor: By focusing on 100 groups, we can analyze the proposed ap-
proach’s performance on a manageable yet statistically meaningful subset of the
data. This subset size enables us to calculate reliable evaluation metrics (e.g.,
MSE, MAE, R?) and assess the model’s performance comprehensively across di-
verse contexts.

For the few-shot approach, an additional ten instances were randomly selected from
the test dataset as learning examples. These examples are independent of the primary
sample and were chosen to provide the model with a diverse set of references for learning.
By leveraging these additional instances, the model can generalize more effectively and
improve its predictive accuracy.
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While computational and token limitations constrain the sample size, the careful
selection process ensures that it remains representative of the dataset’s overall diversity
and complexity. This balance allows us to draw meaningful insights while optimizing
resource usage.

Table 5.1: Sample overview

Parameter Value

Reporter Codes 23

Partner Codes 44

Commodity Codes 60

Features GDP per Capita, Population, Distance
Period January - December 2023

Size 2400 (100 group * 24 months)

5.2.1.2 Converting Time Series Data to Textual Formats

It is essential first to transform the dataset from numerical formats into natural-language
sentences to apply language models to time-series forecasting. In this study, we begin by
converting numerical data into textual descriptions. For example, we translate numerical
month values such as 01 and 02 into their corresponding text names, "January” and
"February.” Similarly, we replace numerical country codes (ISO) with their respective
country names and map commodity codes to descriptive names. We then introduce a
template, presented in Table 5.2, which provides the template structure and examples for
the transformed dataset.

The template consists of two primary components: the input and the correct value.
The input prompt includes feature descriptions, such as GDP, population, and distance,
as well as TFT model predictions and the corresponding trade values. LLMs can adapt
this template to generate informative responses in the form of direct question-and-answer
pairs or descriptive input-output pairs. These "Trade-Prompts” are saved in a single
JSON file with two fields—prompt and correct value—to facilitate evaluation and enable
efficient use in subsequent steps.

5.2.2 TransFusion-LM (TFL)

In this study, we apply the TransFusion-LM approach based on LLMs to predict inter-
national trade flows, building on the strong forecasting performance of the TFT model
[18]. While the TFT model delivers accurate predictions, incorporating its forecasts
into the LLMs as additional input enables further refinement and improves the accuracy
of trade value predictions. This integration leverages the strengths of both models to
deliver more precise, contextually relevant forecasts. To achieve this, we use two pri-
mary approaches: prompting and fine-tuning. For the prompting approach, we use two
distinct techniques: TFL-Zero-Shot-CoT and TFL-Few-Shot-CoT, along with TFL-self-
consistency across various LLMs, including GPT 3.5-turbo, GPT 4-turbo, LLama 2, and
LLama 3. For the fine-tuning approach, only LLama 2 and LLama 3 are used, as GPT-
3.5 and GPT-4 are proprietary and do not permit fine-tuning due to their closed-source
nature.
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Table 5.2: Templates for transforming Trade-Numerical to Trade-Prompt

Type Template Example
Information about International Information about International Trade Flow
Trade Flow in Y;_1 in 2022
Trade Item: cmdCode Trade Item: Graphite or other carbon-
based preparations; in the form of pastes,
blocks, plates, or other semi-manufactures.
Exporter: reporterCode Exporter: China
- GDP per capita: - GDP per capita: 12,662.58
gdpcapp 1
- Population: popg+—1 - Population: 1,412,175,000
Input Importer: partnerCode Importer: Germany
- GDP per capita: - GDP per capita: 48717.99
gdpcapy 11
- Population: popr;—1 - Population: 83,797,985
Distance Between Coun- Distance Between Countries: 8,415 km
tries: dist
Historical Trade Val- Historical Trade Values of 2022 from
ues of t — 1 from Jan- January to December: [645,979.0,
uary to December H; i: 501,432.0, 387,049.0, 1,092,873.0,
[he—11,ht—12, ht—1,3, he—1.4, he—15, h%,093,486.0, 485,573.0, 1,272,255.0,
hi—17, hi—18, hi—1,9, he—1,10, he—1,11, T852140.0, 1,014,682.0, 407,413.0, 514,621.0,
657,128.0]
Prediction Value Using Prediction Value Using TFT model
TFT model from Jan- from January to December in
uary to December in Prpr,: 2023: [828,008.75, 867,900.44, 775,645.6,
[DTFT,t1 PTFT t,2: PTFT,t,3: PTFT .4, POERSE,94, 871,645.1, 902,057.75, 925,329.8,
DPTFTt,6, PTFT,t,7, PTFT,t,8, PTFT\t,9, I5york A4, 892,364.4, 743,031.7, 750,624.7,
PTFT,t,11, PTFT,t,12] 762,700.3]
The The Corrects trade value from The Correct trade value from January
cor- January to December in Y; to December in 2023 are: 645,979.0,
rect are: [Ye,1, Ye,2,Yt,3, Ye.45 Yt,5,  H01,432.0, 387,049.0, 1,092,873.0,
trade  Yi6, Y7, Yt.8: Yt.9, Y1105 Ye.11,Ye12)  1,093,486.0, 485,573.0, 1,272,255.0,
785,140.0, 1,014,682.0, 407,413.0, 514,621.0,
657,128.0

Furthermore, we added a system prompt to our trade prompt to clarify the model’s
role and guide it in systematically analyzing the input. The system prompt is formulated
as: "You are an expert system in international trade analysis. Based on the following
input, analyze it step by step and predict the correct trade value for each month in 2023,
from January to December.”
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TFL-Zero-Shot-CoT

« You are an expert system in international trade analysis. Based on the following input, analyze it The predicted trade flow values for each month in 2023, from January to December, for Graphite
step by step and predict the correct trade value for each month in 2023, from January to or other carbon based preparations; in the form of pastes, blocks, plates or other semi
December. manufactures between China and Germany are as follows:

« Information about International Trade Flow in 2022

« Trade Item: Graphite or other carbon based preparations; in the form of pastes, blocks, plates or
other semi-manufactures.

« Exporter: China, GDP per capita: 12,662.58, Population: 1,412,175,000.

« Importer: Germany, GDP per capita: 48717.99, Population: 83,797,985,

« Distance Between Countries: 8,415 km.

« Historical Trade Values of 2022 from January to December: [645,979.0, 501,432.0, 387,049.0,
1,092,873.0,1,093,486.0, 485,573.0,1,272,255.0, 785,140.0, 1,014,682.0, 407,413.0,514,621.0,

« Janvary: 818,213.05
« February: 687,321.14
* March: 685,231.2

« April: 987,871.82

« May: 900,689.1

« June: 901,067.75

- July:925329.8

« August: 823,176.14

657,128.0] 60084 « September: 802,547.4
« Prediction Value Using TFT model from January to December in 2023: 828,008.75, 867,900.44, « October: 723,121.2
775,645.6,967,281.94, 871,645.1, 902,057.75,925,329.8, 835,478.44, 892,364.4, 743,031, 750,624.7, « November:720,594.1
GPT3.5-turbo
762,700.3] « December: 702,500.3
The prediction value
P Output

Input

Figure 5.1: Example of TFL-Zero-Shot-CoT

5.2.2.1 TFL prompting

The prompting branch of TransFusion-LM focuses on reasoning-based forecasting, in
which the model generates predictions directly from structured textual inputs without re-
quiring additional parameter updates. Through progressive prompting strategies, ranging
from zero-shot reasoning to few-shot analogical learning and self-consistency, we evaluate
how different levels of contextual guidance influence the LLM’s forecasting behavior.

1. TFL-Zero-Shot-CoT (TFL-ZSC): We use LLMs to predict international trade
flows for the twelve months of 2023. We employ a structured trade prompt to guide
the model through a step-by-step analysis, thereby enhancing predictive accuracy.
Our approach leverages Zero-Shot-CoT, enabling the model to make predictions
without prior examples, and chain-of-thought reasoning, which allows it to break
down the analysis into manageable steps, thereby improving logical reasoning. Fig-
ure 5.1 presents an example of the TFL-ZSC approach using the GPT 3.5-turbo
model to predict the trade value of graphite between China as an exporter and
Germany as an importer from January to December. As background information,
the prompt includes key economic indicators such as 2022 GDP per capita and
population data, as well as the predicted TF'T value for each month in 2023.
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2. TFL-Few-Shot-Cot (TFL-FSC): In the Few-Shot-CoT approach, we enhance
the LLM’s predictions by providing a set of example prompts and corresponding
correct trade values. This method offers the LLM with the same input prompt as
TFL-ZSC, but enhances it with 10 learning examples. These learning examples
serve as a reference for the model, help LLMs better understand context, and
improve their predictions.

Each learning example includes economic and geographic features, TFT-predicted
values, and actual trade values for all months in 2022. The LLM leverages these
examples to improve its response generation, aiming to produce more accurate
trade-value predictions for 2023 based on the provided input. We then extract the
predicted values directly from the LLM’s response. Figure 5.2 presents an example
of the TFL-FSC approach using GPT-3.5-turbo to predict the trade value between
China as an exporter and Germany as an importer in 2023. Table 5.3 presents
the Few-shot Prediction, the Correct Value, and the Residual/Error for trade value
predictions between China as an exporter and Germany as an importer in 2023.
The residuals are calculated as the difference between each month’s predicted and
correct trade values.

Month Few-shot Prediction Correct Value Residual/Error

1 705,124.25 645,979.0 59,145.25
2 600,001.25 501,432.0 98,569.25
3 527,102.2 387,049.0 140,053.2
4 989,842.09  1,092,873.0 -103,030.91
5 990,975.19  1,093,486.0 -102,510.81
6 526,610.0 485,573.0 41,037.0
7 845,652.0  1,272,255.0 ~426,603.0
8 845,652.22 785,140.0 60,512.22
9 978,654.14  1,014,682.0 -36,027.86
10 754,125.68 407,413.0 346,712.68
11 558,124.65 514,621.0 43,503.65
12 645,872.55 657,128.0 ~11,255.45

Table 5.3: Few-shot Predictions, Actual Values, and Residuals for Trade Value Predictions
in 2023 (China, Germany).

3. TFL-Self-Consistency: In our approach, we ran multiple LLMs with identical
prompts to evaluate their output consistency. Each model was prompted using
different techniques, but all runs were conducted under similar conditions to ensure
uniformity in input. We then collected and analyzed the results, recording the
frequency of each output across runs. We observed that each model consistently
produced the most frequent output across runs, indicating high self-consistency in
its predictions. This approach enables us to assess the stability and reliability of
models’ responses, ensuring robust, reproducible predictions across diverse LLM
architectures.

In Figure 5.3, we use the TFL-ZSC approach with the self-consistency technique.
We provided a single prompt to the LLM and executed it three times, generat-
ing multiple predictions. We then analyzed the answers and selected the most
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« You are an expert system in international trade analysis. Based on the following input, analyze it The predicted trade flow values of Graphite or other carbon-based preparations; in
step by step and predict the correct trade value for each month in 2023, from January to the form of pastes, blocks, plates or other semi manufactures between China and

December Information about International Trade Flow in 2022 : Germany are as follows:

« Trade Item: Graphite or other carbon based preparations; in the form of pastes, blocks, plates « Trade flow prediction for January 2023: 705,124.25

- or other semi-manufactures. « Trade flow prediction for February 2023: 600,001.25
« Exporter: China, GDP per capita: 12,662.58, Population: 1,412,175,000. « Trade flow prediction for March 2023: 527,102.2
- « Importer: Germany, GDP per capita: 48717.99, Population: 83,797,985. « Trade flow prediction for April 2023: 989,842.09

« Distance Between Countries: 8,415 km.
« Historical Trade Values of 2022 from January to December: [645,979.0, 501,432.0, 387,049.0,
1,092873.0,1,093,486.0, 485,573.0,1272,255.0, 785,140.0, 1,014,682.0, 407,413.0,514,621.0,

« Trade flow prediction for May 2023: 990,975.19

« Trade flow prediction for June 2023: 526,610.0

« Trade flow prediction for July 2023: 845,652.0

« Trade flow prediction for August 2023: 845,652.22

« Prediction Value Using TFT model from January to December in 2023: [828,008.75, 867,900.44, « Trade flow prediction for September 2023: 978,654.14

45.6, 967,281.94,871,645.1, 902,057.75,925329.8, 835,478.44,892,364.4, 743,031.7,

« Trade flow prediction for October 2023: 754,125.68

750,624.7, 762,7003] « Trade flow prediction for November 2023: 558.124.65
GPT3.5-turbo « Trade flow prediction for December 2023: 645,872.55
The prediction Value:
Output

Input

Figure 5.2: Example of TFL-Few-Shot-Cot

* You are an expert system in international trade analysis. Based on the following input, analyze the:
following input step by step and predict the correct trade value for each month in 2023, from
January to December : + Docenber 2025 64537255

« Information about International Trade Flow in 2022 :

« Trade Item: Graphite or other carbon based preparations; in the form of pastes, blocks, plates or
other semi-manufactures.

« Exporter: China, GDP per capita: 12,662.58, Population: 1,41275,000.

« Importer: Germany, GDP per capita: 48717.99, Population: 83,797,985.

« Distance Between Countries: 8415 km.

+ Historical Trade Values of 2022 from January to December: [ 158,281.60, 174,354.49,172,706.7,
184,901.94, 211,224.08, 233,841.63, 185,844.40, 193,853.17, 118,912.61, 93,990.36, 185,417.3],
87,385.20]

« Prediction Value Using TFT model from January to December in 2023: 828,008.75, 867,900.44,

blocksplai

Garmany are as follows
+ January 2023: 50498035
+ Fobruary 2025 599475.40

« July 2025: 84459015
+ August 2023: 84433088
+ Septembor 2025: 97930022

+ October 2028, 75385041
+ November 2023 55923378

775,645.6,967,281.94, 871,645.1, 902,057.75,925,529.8, 835,478.44, 8923644, 743,0317,750,624.7,  Decamber 2025: 64601590
GPTE5-turbo
762,700.3]
The prediction value :
Input

il
Answer3 S WP
—

Figure 5.3: Example of TFL-zero-shot-cot with self-consistency

frequently occurring prediction based on the principle of self-consistency. This ap-
proach improved the accuracy of the results by assuming that the most consistent
answer across multiple outputs is most likely reliable. Through this method, we
reduce variability and improve the overall robustness of the model’s predictions.

5.2.2.2 TFL Fine-Tuning

In the TransFusion-LM Fine-Tuning approach, we fine-tuned LLama 2 (13b) and LLama
3 (70b) (Table 2.1) to enhance their predictive performance for international trade flows.
Model training was performed on a stratified random sample of 100 groups (Reporter-
Partner-Commodity combinations) from the 2023 test data (see section 5.2.1), with all
groups previously used in the evaluation of TFL explicitly excluded to prevent data
leakage and ensure unbiased training. The models were trained using the same input
features, GDP, GDP per capita, population, distance, predicted TF'T values in 2023, and
historical trade values in 2022, and evaluated using the same test dataset used for the
prompting approach.

To enable efficient fine-tuning of these large models, we employed QLoRA, which
enables task-specific adaptation with a significantly reduced number of trainable param-
eters, thereby reducing computational cost and memory requirements. Table 5.4 summa-
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rizes the hyperparameters used for fine-tuning, including a LoRA rank (r) of 8, a scaling
factor («) of 8, and a dropout rate of 0.01 applied to the model’s output layers, enabling
task-specific adaptation with a minimal number of trainable parameters and reduced risk
of overfitting. The target weight matrices for training include q_proj, k_proj, v_ proj,
and Im_ head. The rank and scaling factor were set to relatively low values due to the
modest dataset size, thereby limiting overfitting while maintaining sufficient adaptation
capacity. The AdamW optimizer was employed to enhance training stability and prevent
overfitting by incorporating decoupled weight decay regularization. The models were
trained for 100 epochs with a batch size of 4 and a learning rate of 2 x 10~ to ensure
stable optimization and convergence. To support training stability and reproducibility,
model checkpoints were saved every 50 steps.

Table 5.4: Fine-Tuning and QLoRA Hyperparameters Used for LLama 2 and LLama 3

Hyperparameter Value
QLoRA Parameters

Rank (r) 8
Scaling factor (o) 8
LoRA dropout 0.01
Training Parameters

Number of epochs 100
Batch size (per device) 4
Gradient accumulation steps 1
Learning rate 2 x 1074
Checkpoint saving steps 50
Optimizer Adamw

5.2.3 Evaluation

This section provides an overview of our approach’s evaluation process, detailing the
experimental setups and evaluation metrics used to measure the models’ performance.

5.2.3.1 Setups

The models are executed on a computing environment equipped with an NVIDIA 3090
GPU, 16 CPU cores, and 24 GB of RAM. All experiments are conducted using Python
3.10, with essential libraries such as PyTorch (2.3.1), PyTorch Forecasting (1.0.0), Py-
Torch Lightning (2.2.1), peft (0.17.1), and OpenAl (1.36.1) to ensure optimal resource uti-
lization for high-performance model training and evaluation. This setup enables efficient
handling of computational demands, supporting robust and scalable model execution.

5.2.3.2 Baselines

To evaluate the predictive performance of the TFL framework, we benchmark its accu-
racy against three established machine learning models: Random Forest (RF), Graph
Attention Network (GAT), and eXtreme Gradient Boosting (XGBoost). All models were
trained on the same dataset used to fine-tune LLama 2 and LLama 3, with the same
explanatory variables (GDP, GDP per capita, population, bilateral distance, historical
trade in 2022, and TFT-predicted trade for 2023). For methodological consistency, the
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same test subset used for TFL models was applied to all baselines. The configurations
used for each model are summarized below:

o RF model was trained using 100 decision trees as the ensemble size and a maximum
depth of 25 as a constraint on tree complexity, ensuring stable predictions while
preventing overfitting.

o XGBoost model was trained using 1000 boosting rounds as the number of sequential
trees and a maximum tree depth of 5 as a measure to control model complexity,
ensuring stable learning without overfitting. A learning rate of 0.05 and a subsample
ratio of 0.8 were used to stabilize updates and improve generalization.

o GAT model was configured with three GAT layers, each containing 128 hidden units
and four attention heads, followed by a 64-unit Multi-Layer Perceptron (MLP) for
the final prediction. The model was trained using the Adam optimizer, with a
learning rate of 1 x 1072 and a weight decay of 5 x 10~* to prevent overfitting, for
300 epochs.

5.2.3.3 Evaluation metrics

To rigorously assess the predictive performance of our approach for trade values, we em-
ploy a suite of quantitative evaluation metrics that enable robust comparisons with differ-
ent models. The selected metrics for this study include the Mean Squared Error (MSE),
Mean Absolute Error (MAE), Mean Absolute Percentage Error (MAPE), Mean Percent-
age Error (MPE), and the Coefficient of Determination (R-squared). These metrics are
formally defined as follows: equations (5.1), (5.2), (5.3), (5.4), and (5.5), respectively.

1
MAE = 2" |yi — il (5.2)
=1

~ =

1
1 N
MSE=3 (-0 (1)
i=1

I 1 ~
1 P Ai 1 T~ Y
MAPE = = v =4l mMpE=-Y %Y
I < Yi I~y S (ys — )2
=1 .7_1 R2 — 1_ yZ yl (5 5)
(5.3) (5.4) Sz @

In these expressions, y; represents the observed trade values, y; denotes the predicted
trade values generated by the model, and 3 is the mean of the observed values. Each
metric provides a distinct perspective on the model’s performance. Using these evalu-
ation metrics, we aim to comprehensively assess the predictive accuracy, precision, and
robustness of the proposed model in capturing the intricate dynamics of international
trade flows. The collective use of these metrics enables a nuanced understanding of the
model’s performance in different contexts and under varying data conditions, thereby
ensuring thorough validation of our approach against the established benchmarks.

5.3 Results

As shown in Table 5.5, the TFL-FSC-GPT-4-turbo significantly outperforms the TFT
and GPT-3.5-turbo in time series forecasting on various measures. Notably, it achieves an
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R? score of 0.94, an improvement of 0.11 over the TFT model’s 0.83. Additionally, TFL-
FSC-GPT-4-turbo significantly improves other metrics relative to TFT, underscoring its
superior accuracy and lower error rates in time-series forecasting.

Also, TFL-FSC-GPT-4-turbo demonstrates significantly better forecasting accuracy
than TFL-FSC-GPT-3.5-turbo across all performance metrics. Specifically, TFL-FSC-
GPT-4-turbo achieves an R? score of 0.94, which is a 0.9 improvement over TFL-FSC-
GPT-3.5-turbo’s R? score of 0.85. Additionally, TFL-FSC-GPT-4-turbo reduces MSE
from 1.91 x 10'3 to 1.23 x 10'2, and MAE from 1.23 x 10° to 2.96 x 10°. These improve-
ments highlight the significant advantage of using GPT-4-turbo for time series forecasting,
particularly when comparing the TFL-FSC approach across GPT-4 and GPT-3.5.

Moreover, TFL-ZSC-GPT-4-turbo achieves an R? score of 0.89, which is 0.05 lower
than TFL-FSC-GPT-4-turbo. Similarly, TFL-ZSC-GPT-3.5-turbo records an R? of 0.83,
slightly trailing the TFL-FSC-GPT-3.5-turbo’s R? score of 0.85. These results emphasize
the importance of leveraging the TFL-FSC approach to optimize LLM performance in
trade forecasting. Overall, the findings illustrate that providing the model with a few
examples (learning examples) can significantly enhance its predictive accuracy compared
to TFL-ZSC. This underscores the value of TFL-ZSC in improving forecasting outcomes
across different model configurations.

TFT serves as a strong benchmark for time series forecasting, with an R? score of
0.83. In contrast, TFL-ZSC demonstrates notable predictive capabilities, leveraging the
model’s ability to generalize from its extensive training data without relying on prior
examples. TFL-ZSC-GPT-3.5-turbo matches TFT’s R? score of 0.83, while TFL-ZSC-
GPT-4-turbo outperforms it with an R? score of 0.89. Overall, TFL-ZSC demonstrates
the potential to improve time-series forecasting performance compared to the established
TFT model.

The TFL-fine-tuned LLama 3 model demonstrates competitive performance in time-
series forecasting. Specifically, it achieves an R? score of 0.83, matching the TFT model,
with an MSE of 2.42 x 10" and MAE of 1.38 x 10°. While TFL-fine-tuning-LLama3
performs well compared to classical machine-learning models such as RF, XGBoost, and
GAT, it does not reach the predictive accuracy of TFL-FSC-GPT-4-turbo. These re-
sults suggest that while TFL-fine-tuning of LLama 3 can provide reasonable forecasting
accuracy, the GPT-4-turbo model demonstrates superior performance due to its greater
model capacity, advanced architecture, and extensive training corpus. Consequently,
the TFL-FSC approach with GPT-4-turbo remains markedly superior, highlighting the
advantage of leveraging GPT-4-turbo’s TFL-FSC prompting capability over fine-tuning
smaller models, such as LLaMA 3, for complex time series forecasting tasks.

For comparative completeness, the classical machine-learning models GAT, RF, and
XGBoost were also evaluated. RF achieved an R? of 0.76 with an MSE of 3.94 x 10'3,
while XGBoost attained an R? of 0.71 with an MSE of 4.79 x 10'3. The GAT-based model
produced relatively low predictive accuracy, with an R? of 0.60. Although these models
are widely used for time-series forecasting, their error magnitudes are substantially higher
and their explanatory power is notably lower than that of the TFL.

Overall, the results indicate that TFL-FSC-GPT-4-turbo delivers the highest fore-
casting accuracy among all evaluated models, outperforming TLF-FT-LLama 3, the
Transformers model (TFT), deep-learning baselines (GAT), classical machine-learning
algorithms (RF, XGBoost), and TFL-ZSC using GPT-3.5 and GPT-4. These findings
underscore the potential of LLM-driven forecasting frameworks and highlight the effi-
cacy of the TFL-FSC strategy in improving predictive performance in complex temporal
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domains.

Technique  Model MSE MAE MAPE MPE R? Score
TFL-FSC-GPT-4-turbo 1.23 x 102 2.96 x 10° 105.00 -102.00 0.94

Prompting TFL-ZSC-GPT-4-turbo 2.42 X 101[2 4.34 x 10‘? 115.65 -105.52 0.89
TFL-FSC-GPT-3.5-turbo 1.91 x 10%  1.23 x 10° 120.25 -102.18 0.85
TFL-ZSC-GPT-3.5-turbo ~ 2.92 x 10" 1.45 x 10° 167.43 -138.92 0.83

Fine-tuning TFL fine-tuning (LLama 3) 2.42 x 10 1.38 x 10° 139.04 -110.32 0.83
TEFT 2.42 x 103 1.38 x 10° 139.04 -110.32 0.83

ML RF 3.94 x 101[3 1.56 x 10§ 9407.01 -9391.68 0.76
XGBoost 4.79 x 1013 1.28 x 108 3807.54 -1250.86 0.71

GAT 2.87 x 10° 1.38 x 105 8.75 x 106 —3.93 x 108 0.60

Table 5.5: Models’ performance evaluation

5.4 Discussion

In this section, we discuss the performance and interpretability of the TransFusion-LM
framework for time series forecasting. The discussion is organized into two subsections.
The first, General Overview of Forecasting Results, provides a comprehensive evaluation
of the framework’s predictive accuracy, strengths, limitations, and the strategies, such
as fine-tuning and prompt-based techniques, that contributed to its performance. The
second, Strategies for Interpreting TFL Predictions, addresses the framework’s inter-
pretability by detailing how local explanations (prompt-based) and global explanations
(fine-tuning-based) can be used to understand and analyze the model’s reasoning behind
its forecasts.

5.4.1 General Overview of TransFusion-LM f Results

We evaluate the effectiveness of the LLama 2 and LLama 3 models for time series forecast-
ing. These models were selected for their open-source nature, which ensures free access
and avoids reliance on proprietary platforms such as OpenAl, thereby providing greater
flexibility. However, both models exhibited hallucinations when using the prompting
approach, generating information (trade values) that was either inaccurate or entirely
fabricated, as illustrated in Figure 5.4, shows an example of the TFL-ZSC approach us-
ing the LLama 3 model to predict the trade value of graphite between China (exporter)
and Germany (importer) from January to December; however, the model produces a
hallucinated response.

In the context of language models, hallucination refers to the production of content
that lacks grounding in the input or real-world facts, resulting in misleading or erro-
neous responses [183, 95]. This issue is particularly concerning in critical fields such as
economics and medicine, where accuracy is paramount. For instance, the models occa-
sionally presented erroneous financial data, misrepresented medical findings, or fabricated
statistics—errors that could lead to significant real-world repercussions in these domains.
Although LLaMA 3 improved over LLaMA 2, hallucinations persisted, motivating the
implementation of targeted mitigation strategies in this study.

To address these reliability challenges, we applied several corrective measures to re-
duce hallucinations and improve factual consistency. First, we fine-tuned LLama 2 and
LLama 3 on domain-specific trade data using the QLoRA method, thereby enabling
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TFL-Zero-Shot-CoT

re an expert system in international trade analysis. Based on the following input, analyze it
step and predict the correct trade value for each month in 2023, from January to

rade Flow in 2022 :
rbon based preparations; in the form of pastes, blocks, plates or

pita: 12,662.58, Population: 1,412,175,000.
pita: 48717.99, Population: 83,797,985,

8,415 km.

022 from January to December: [645,979.0, 501,432.0, 387,049.0,
1092,873.0,1,093,486.0, 485,573.0, 1,272,255.0, 785,140.0, 1,014,682.0, 407,413.0,514,621.0,
657,128.0)

« Prediction Value Using TFT model from January to December in 2023: 828,008.75, 867,900.44,
775,645.6, 967,281.94, 871,645.1, 902,057.75,925,329.8, 835,478.44, 892,364.4,743,031.7,750,624.7,
762,700.3] LlaMa 3

Output

The prediction value

Input

Figure 5.4: Example of TFL-Zero-Shot-CoT using LLama3 Model

the models to align their outputs with factual economic relationships better and reduce
the generation of random or fabricated values. Second, we applied the CoT prompting
technique, which aggregates multiple reasoning paths to identify the most recurrent and
stable prediction, thereby minimizing stochastic variability across runs. Together, these
strategies improved both factual grounding and reproducibility in trade forecasts. After
fine-tuning, LLama 3 demonstrated the capacity to generate forecasts without halluci-
nations, producing predictions that closely mirror those of the TFT model. In contrast,
LLama 2 continued to exhibit persistent hallucination behavior, likely due to its smaller
model capacity and more restricted pretraining corpus (limited to data up to June 2023;
see Table 2.1). Nevertheless, when benchmarked against GPT-3.5 and GPT-4, with
TFL-FT-LLama 3 remained outperformed by the TFL-FSC GPT models. We also ob-
served that GPT-4’s superior performance can be attributed to its larger architecture and
broader pretraining corpus, which contribute to stronger internal factual representations
and lower hallucination rates compared with open-source counterparts. It is important
to note that the GPT-3.5 and GPT-4 models used in this study correspond to the 2024
versions, before the integration of Retrieval-Augmented Generation (RAG) techniques
that enable dynamic web access.

The results demonstrate that the TFL-FSC approach significantly enhances LLM
prediction accuracy. Importantly, LLMs do not need to replicate TF'T outputs directly;
instead, they can refine their forecasts using diverse input types and additional learning
examples, allowing them to forecast time series using a variety of inputs effectively, not
just historical values as other studies focus on—and produce results that surpass those of
powerful time-series models such as TFT. By integrating the outputs of the TF'T model
[18] as inputs to LLMs, this framework leverages TFT’s robust temporal modeling ca-
pabilities while simultaneously exploiting LLMs’ adaptive reasoning and flexibility. This
synergistic integration harnesses the advantages of both state-of-the-art architectures, en-
abling LLMs to produce more accurate, reliable, and computationally efficient forecasts,
ultimately improving overall predictive performance.

Employing LLMs for time-series forecasting offers several notable advantages. Unlike
traditional time series models, which often require extensive feature selection, normaliza-
tion, and large datasets [18, 278], LLMs simplify forecasting. By using prompting tech-
niques, LLMs can effectively learn from fewer examples without fine-tuning, thereby re-
ducing the need for complex feature engineering and extensive data preprocessing. More-
over, LLLMs require neither substantial computational resources nor extensive parameter
tuning, unlike conventional models. Their ability to deliver accurate predictions with
limited training data and reduced computational requirements, enhanced by advanced
prompting methods, makes them well-suited for time series forecasting. This approach
offers a more efficient and versatile solution for managing temporal data, thus improving
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both performance and practical usability.

Addressing prompt engineering challenges is crucial to improving LLM performance.
Recent research highlights their significance in optimizing LLM outcomes [137, 147]. Our
study investigated various prompting strategies to identify the most effective approaches
to improve results. We tested complex and straightforward prompts to assess their impact
on the LLM’s ability to understand and analyze inputs. We communicated effectively
with the model by ensuring clarity and precision in the prompts, using a human-like
writing style.

Furthermore, we employed advanced techniques, such as Chain of Thought (CoT),
which was particularly useful for handling complex cases and scenarios requiring multi-
step reasoning. We also experimented with the Tree of Thoughts (ToT) prompting tech-
nique; however, it did not yield the desired results. ToT effectively addresses complex
mathematical problem-solving situations.

Despite the promising results, several challenges and limitations remain. One sig-
nificant concern is the interpretability of LLMs. While models like GPT-4 exhibit high
predictive accuracy, their "black box” nature may limit our understanding of how they
make predictions. In economic forecasting, predicting outcomes and understanding the
underlying decision-making process are crucial to derive actionable insights and policy
recommendations. Despite this limitation, recent research [204, 274] has proposed strate-
gies for interpreting LLM outputs and understanding the reasoning behind their forecasts.
These approaches leverage both local and global interpretability techniques to analyze
how models generate predictions. In the following subsection 5.4.2, we detail how such
methods can be applied to explain and interpret the outputs of the TransFusion-LM
framework.

In summary, the TransFusion-LM framework demonstrates that integrating struc-
tured temporal signals with language-based reasoning enhances both performance and
adaptability. Nonetheless, continued refinement in interpretability, prompt optimization,
and hallucination control remains essential for reliable deployment in sensitive domains
such as economics.

5.4.2 Interpretability and explainability in TransFusion-LM

Recent perspectives on LLM interpretability emphasize that modern language models
redefine explainability by combining feature attribution with natural-language reason-
ing and dataset-level explanation capabilities [204, 274]. In line with this vision, our
TransFusion-LM framework leverages both prompt-based interpretability (local explana-
tions) and fine-tuning interpretability (global explanations) as complementary forms of
explanation.

« Prompt-based interpretability as local explanation: Our prompting setups
(TFL-ZSC, TFL-FSC, and TFL-Self-Consistency) correspond to what Singh et al.
[204] classify as local interpretability, explaining a single model generation through
reasoning transparency. By decomposing predictions into Chain-of-Thought rea-
soning, TransFusion-LM allows users to inspect how variables such as GDP, popula-
tion, and TFT baselines influence trade forecasts step by step. As in the interactive
natural-language explanations proposed by Singh et al., these reasoning chains can
be queried, compared, and refined, bridging human understanding and model be-
havior. We also adopt their notion of data grounding, testing prompts both with
and without features (economic features, historical trade, and TFT prediction), as
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well as baselines to measure factual dependence and methods to reduce halluci-
nated justifications. The inclusion of these features anchors the model’s reasoning
in quantitative evidence (as shown in Example 1, Table 5.6), helping it generate
explanations that are more consistent with real-world data. This grounding makes
the model’s outputs more interpretable and fact-based, reflected in the performance
improvement from an R? of —0.22 without features to 0.34 with features, and in
more “faithful” textual explanations in the sense proposed by [204]. Furthermore,
we incorporate the FSC technique to enhance interpretability. By providing the
model with representative input—output examples, it learns to map key features to
underlying economic patterns. This not only improves prediction accuracy but also
ensures that the reasoning chains align more closely with economic logic. Example-
based prompting acts as an interpretable analogical reasoning mechanism, allowing
users to trace how the model generalizes from specific instances to new predic-
tions (as illustrated in Example 2, Table 5.6). Additionally, the Self-Consistency
technique adds another dimension of interpretability by evaluating the stability
of reasoning paths across multiple generations. By selecting the most frequently
occurring output, the resulting prediction reflects the model’s dominant internal
reasoning rather than a single stochastic path. This method, which boosts accu-
racy while highlighting the reasoning chains the model finds most plausible.

o Fine-tuning-based interpretability as global explanation: Fine-tuned LLama
3 model, adapted with QLoRA, provides what Singh et al. define as global or
mechanistic interpretability, explaining how model parameters internalize patterns
across an entire dataset. We extend this with feature-attribution tools (SHAP) to
quantify each variable’s contribution to the predictions. After fine-tuning TFL-FT-
LLama 3, SHAP-based analysis was used to interpret the relative importance and
directional impact of the features. Figure 5.5 presents a bar plot of the mean abso-
lute SHAP values across features, highlighting their relative importance in TFL-FT-
LLama 3 predictions. The x-axis represents the SHAP value, indicating the impact
of each feature on the model’s output. Positive SHAP values show features pushing
the prediction higher, while negative SHAP values indicate features pushing the
prediction lower. The color of each dot represents the feature value, with blue indi-
cating low values and red indicating high values. The TF'T prediction feature has
the broadest range of SHAP values, from 8 to +8 million, suggesting the most deci-
sive influence on the model’s output. High values of this feature (in pink) increase
the predicted result, while low values (in blue) reduce it. The TradeValue 2022
feature also has a clear positive impact, meaning that higher historical values tend
to increase predictions. In contrast, features related to GDP, population, distance,
and trade codes have SHAP values close to zero, suggesting they have negligible
effects on the model’s decisions. Overall, the results indicate that the model pri-
marily relies on TFT prediction and TradeValue 2022, while the other variables
play only minor supporting roles in shaping the final prediction. Figure 5.6 presents
the SHAP feature importance for the surrogate model, showing the contribution of
each variable to the overall prediction. The TFT prediction feature dominates the
model, with a mean SHAP value exceeding 3.5 million. This indicates that it has
the strongest effect on the predicted output compared to all other features. The
TradeValue 2022 trade feature ranks second, with a moderate positive influence,
suggesting that higher historical values tend to increase the prediction. In contrast,
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Table 5.6: [lustrative examples of prompt-based explainability in TransFusion-LM (TFL-

TFT)

Examples Prompt Context

Evaluation

Example Prompt (with historical trade, TFT prediction, MSE: 5.71 x 101°
1 economic features): You are an expert system in in- MAE:2.11 x 10°
ternational trade analysis. Based on the following in- MAPE: 35.92
put, analyze step by step and predict the correct trade MPE: 23.35
value for each month in 2023, from January to Decem- R?:0.34
ber: Information about 2022 trade flow: Trade Item:
Graphite; Exporter: China (GDP per capita, Popula-
tion); Importer: Germany (GDP per capita, Popula-
tion); Distance; Historical Trade Values 2022; TFT pre-
diction values.
Prompt (No historical trade or features pro- MSE:
vided): You are an expert system in international trade 1.92 x 10%;

analysis. Based on the following input, analyze step
by step and predict the correct trade value for each
month in 2023, from January to December: Trade Item:
Graphite; Exporter: China; Importer: Germany.

MAE: 1.38 x 107
MAPE:

2.21 x 103;
MPE:

—2.27 x 10%;

R2 —0.22

Example

Figure 5.1: Present TFL-Zero-Shot-CoT

Figure 5.2: Present TFL-Few-Shot-CoT

MSE: 5.71 x 10'°
MAE: 2.11 x 10°
MAPE: 35.92
MPE: 23.35;
R?:0.34

MSE:

3.04 x 101;
MAE: 1.22x10%;
MAPE: 19.36;
MPE: —9.76;
R?:0.65
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features such as GDP-related indicators (gdpcap and gdp), distance, population,
and trade codes have much smaller mean SHAP values, meaning they play only a
minor role in shaping the model’s final output. Overall, the results indicate that
TFT _prediction and TradeValue 2022 primarily drive the model’s predictive per-
formance, while the remaining features contribute marginally to its performance.
Additionally, although LLama’s relatively smaller scale (7B-13B parameters) lim-
its its implicit factual grounding compared with GPT-4’s trillion-parameter archi-
tecture, domain-specific fine-tuning effectively mitigates this gap by aligning model
representations with structured trade-economic data. This improvement is exempli-
fied through a comparative evaluation of TFL-ZSC-LLaMA 3 and TFL-FT-LLaMA
3. When prompted to “Predict the trade value between China and Germany for
2023,” as illustrated in Figure 5.4, the TFL-ZSC-LLaMA 3 model generated a
largely qualitative narrative, explaining that “the predicted trade flow values for
graphite or other carbon-based preparations between China and Germany for 2023
are influenced by distance and China’s GDP. In January, the trade value exceeds
China’s GDP per capita, while in March it decreases by 20% compared to February,
and in April, as distance increases, the trade value rises.” In contrast, the TFL-
FT-LLaMA 3 model produced precise, quantitative forecasts, providing monthly
trade values for 2023 of 828,008.75, 867,900.44, 775,645.6, 967,281.94, 871,645.1,
902,057.75, 925,329.8, 835,478.44, 892,364.4, 743,031.7, 750,624.7, and 762,700.3.
This comparison clearly demonstrates that domain-specific fine-tuning substantially
enhances both factual precision and interpretability, transforming the model from
a descriptive, text-based system into a data-driven, quantitatively grounded pre-
dictive framework. These findings are consistent with the observations of Mumuni
and Mumuni [162], who emphasize that dataset-aware adaptation improves both
accuracy and transparency when LLMs are finetuned to specialized scientific do-

mains.
High
TFT_prediction P - - e R
TradeValue_2022 R DRI
gdpcap_o - {--
gdp_d - I -
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cmdCode - l- -
reporterCode - {- -
pop_o - -
pop_d -}
refMonth +
-8.0 -6.0 -4.0 2.0 0.0 2.0 40 6.0 8.0 .

SHAP value (impact on output, millions)

Figure 5.5: Beeswarm plot of the TFL-FT-LLaMA 3 model

« Interactive and dataset-level interpretability: Singh et al. [204] highlight in-
teractive and dataset explanation as a new interpretability frontier. In TransFusion-
LM, the few-shot CoT reasoning (TFL-FSC) and the expert validation of reasoning
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Figure 5.6: Features importance plot of the TFL-FT-LLaMA 3 model

traces act as early forms of interactive explanation. Experts reviewed a subset of
reasoning outputs to confirm that the generated narratives were consistent with
economic theory, thus complementing automatic attribution with human, grounded
validation. Extending this approach could turn TransFusion-LM into an interactive
auditing system capable of conversational explanations of trade-data relationships.

By combining prompt-based local reasoning, fine-tuned global attribution, and human-
interactive evaluation, TransFusion-LM operationalizes the interpretability dimensions
proposed by [204, 274], attribution, natural-language reasoning, reasoning decomposi-
tion, and data grounding. This integration transforms interpretability from a post-hoc
visualization exercise into a multilevel dialogue among data, model, and domain experts
—an essential step toward trustworthy LLM-based forecasting in economic science.

5.5 Conclusions

In conclusion, this study highlights the potential of TransFusion-LM, a hybrid approach
that integrates the strengths of TFT and LLMs for TSF in international trade. By lever-
aging advanced prompting techniques such as Few-Shot and Chain-of-Thought, TransFusion-
LM achieves higher accuracy and adaptability while reducing the need for extensive data
and feature engineering. Although challenges like hallucination and interpretability re-
main, this method represents a significant step toward more flexible, intelligent, and
scalable forecasting solutions. Its promising performance paves the way for broader ap-
plications in trade, finance, and beyond.
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This thesis has developed and validated novel predictive frameworks for trend analysis
through link prediction in social networks and time-series forecasting in international
trade, two complementary tasks that capture structural and temporal dynamics in com-
plex systems. Both problems are characterized by high-dimensional, heterogeneous, and
dynamically evolving data, in which identifying meaningful trends is essential for under-
standing system behavior and enabling reliable prediction. In such settings, traditional
statistical, econometric, and heuristic-based approaches often struggle to model nonlinear
dependencies, long-range temporal patterns, and evolving structural relationships. The
central objective of this research was therefore to design scalable, accurate, and inter-
pretable predictive frameworks that advance trend analysis for both network-based and
time-series-based problems in real-world environments.

In the context of social networks, this work demonstrated that conventional similarity-
based methods and standalone machine learning models are insufficient to capture the
evolving trends that govern link formation fully. To address these shortcomings, a hy-
brid link prediction framework was proposed that integrates similarity measures with
supervised learning and an optimization-inspired feature selection strategy. By adopting
a Binary Butterfly Optimization—inspired mechanism enhanced by mutation, the frame-
work efficiently identifies the most informative structural features, allowing predictive
models to focus on relevant relational trends while avoiding redundant or noisy infor-
mation. The incorporation of SHAP-based explainability further improves transparency,
enabling meaningful interpretation of the learned link formation patterns. Extensive ex-
periments on real-world datasets confirm the effectiveness of the proposed approach, with
the CNN-based model achieving prediction accuracies of 98% on the Facebook dataset
and 85% on the Enron Email-Eu-Core dataset, substantially outperforming traditional
heuristic and baseline learning methods.

In parallel, this thesis advanced time-series forecasting in international trade, a do-
main in which complex temporal dynamics, economic indicators, geographic factors, and
geopolitical events shape long-term economic trends. Using enriched datasets constructed
from the UN Comtrade database, the CEPII Gravity dataset, and the World Bank, an
interpretable forecasting framework based on the Temporal Fusion Transformer was de-
veloped. The TFT model effectively captures long-range temporal dependencies and in-
tegrates heterogeneous exogenous variables, enabling the extraction of meaningful trade
trends and yielding a 17% improvement in the coefficient of determination (R?) compared
to baseline models such as Random Forest and Graph Attention Networks. These results
demonstrate the suitability of transformer-based architectures for modeling complex mul-
tivariate trade trends.

Building on the strengths of the TFT framework, this research introduced TransFusion-
LM. This hybrid forecasting architecture enhances trend analysis by integrating large
language models through prompt-based strategies without fine-tuning. By embedding
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TFT outputs and structured contextual features into prompts, TransFusion-LM enables
efficient and context-aware forecasting while reducing training complexity. Empirical
evaluations show that prompt-based GPT-4-turbo configurations achieve the best overall
performance, reaching an R? score of up to 94% and substantially reducing forecasting
errors compared to fine-tuned language models, standalone TFT, and classical machine
learning approaches. Beyond improved predictive accuracy, this framework provides in-
terpretable, natural-language explanations of forecasting outcomes, supporting trust and
transparency in trend-based decision-making for sensitive economic domains.

Overall, the findings of this thesis demonstrate that practical trend analysis in complex
systems requires models that jointly capture structural evolution, temporal dynamics, and
contextual information. By directly addressing the challenges identified in the introduc-
tion and validating the proposed methods through extensive real-world experiments, this
work contributes novel and practical methodologies to both network-based and time-
series-based trend analysis. These contributions provide valuable tools for researchers
and practitioners and support more informed, transparent, and reliable decision-making
in socially and economically impactful domains, such as social network analysis and in-
ternational trade policy.

Future research can further advance trend analysis in complex systems by extending
the proposed frameworks to more dynamic and information-rich settings. In link predic-
tion, applying the approach to temporal social networks and incorporating node profiles
and semantic features would enable the modeling of evolving relational trends and link
persistence over time. In international trade forecasting, integrating external and time-
varying knowledge sources such as trade policies, tariff changes, geopolitical events, and
economic reports could improve the detection and interpretation of emerging trade trends
that are not fully captured by historical numerical data. Combining structural, temporal,
and contextual information in this manner would enhance the robustness, adaptability,
and interpretability of trend-based predictive models in real-world social and economic
systems.
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