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Abstract

Temporal networks offer a powerful way to represent the dynamic behavior of many real-world systems,
ranging from social interactions to communication infrastructures. Identifying vital nodes in these
networks is important for a variety of applications, such as controlling epidemics, targeting market-
ing campaigns, or preventing cascading failures in power grids. Although many methods have been
developed to find influential nodes in static networks, extending them to temporal networks remains
challenging. This difficulty becomes even more pronounced when privacy restrictions limit the amount
of available data.

This thesis explores Graph Neural Network (GNN)-based approaches for vital node identification (VNI)
in temporal networks. I propose a method that learns temporal node embeddings from a sequence of
networks and then aggregates these embeddings using an attention mechanism over time steps. This
design allows the model to highlight the most relevant moments for node influence, rather than treating
all time steps equally. Finally, the model predicts a vitality score for each node based on its aggregated
embedding.

Experiments on several real-world datasets show that the proposed method can outperform a baseline
approach in specific settings, highlighting the potential of GNNs for temporal node analysis. How-
ever, the results also reveal some important limitations. Indeed, the proposed approach depends on
Suspected-Infected-Recovered (SIR) based simulations to generate ground-truth vitality scores, which
are computationally demanding and sensitive to parameter choices. Additionally, the model’s perfor-
mance strongly relies on hyperparameter tuning and the characteristics of the dataset used for training
and evaluation.

Note: there are two animated gures (2.2 & 2.3) that may not be displayed correctly in all PDF readers. For full
functionality, please use a compatible reader such as Adobe Acrobat or Foxit.



Contents

5

Introduction
1.1 Motivation . . . . . . . L e
1.2 Objective . . . . . . o e e
Background and related work
2.1 Vitalnodes . . . . ..
2.1.1  Suspected-Infected-Recovered (SIR) Model . . . . ... ... ... ........
2.2 Vital nodes identification (VNI) in static networks . . . . .. ... ... ... ... ...
2.2.1  Centrality measures . . . . . . . . .. e
2.2.2 Machine learning algorithms . . . . . . .. ... ... . ... ... ..
2.3 Vital nodes identification (VNI) in temporal networks . . . . . .. ... ... ... ...
2.3.1 Temporal Centrality Measures . . . . . . . . .. .. ... .
2.3.2 Baselinemodels. . . . . . ...
2.4 Temporal graph learning . . . . . . . . . . . ..
2.5 Related problems . . . . . . ...
Methodology
3.1 Datasets . . . . . . e
3.2 Metrics . . . .o
3.2.1 Kendall’s Tau . . . . . . . . o L e
3.2.2 Monotonicity index . . . . . . ...
3.3 Baseline Methods . . . . . . . . . .
3.4 Proposed Methods . . . . . . . . .. L
3.4.1 Attention Pooling over GAT embeddings . . . . . ... .. ... ... .. ....
3.4.2 Time-aware Attention and Sequential Pooling over GAT embeddings . . . . . . .
3.4.3 Attention and Sequential Pooling over GAT embeddings . . . . . . ... ... ..
3.4.4 Attention and Transformer Pooling over GAT embeddings . . . . . . .. ... ..
3.5 Training & Evaluation Strategy . . . . . . . . . . . . ...
3.5.1 LoSses . .. .. e e
3.5.2 Repeated Stratified K-Fold Evaluation Strategy . . . . . . . .. .. .. ... ...
3.6 Hyperparameter Tuning . . . . . . . . . .. . L L o
Results
4.1 Performance of the Temporal Gravity Model . . . .. .. .. ... ... ... ......
4.2 Performance of the Proposed Models . . . . . . . ... ... ... ... .
4.3 Privacy Aspects . . . . . . L
4.4 Interpretability: Attention Aggregator Weights . . . . . . . ... ... ... ... ...
4.5 Limitations . . . . . . . . oL
Conclusion

A Appendix

A.1 Temporal Gravity Model: Published vs. Implemented Results . . . . . . ... ... ...
A.2 Hyperparameter Selection and Comparisons . . . . . . . . . . .. .. .. ... ... ...
A.2.1 Temporal Gravity Model: Mass properties selection . . . .. ... ... ... ..
A.2.2 Proposed Approaches: Hyperparameter selection . . . . . .. ... ... ... ..
A.3 Privacy-preserving Initializations . . . . . . . . . ... ... Lo
A4 SIR Ground truth . . . . . . .. L

NS

© 0o OO O

12
13
13
14
16
16

18
18
19
20
21
21
23
24
26
27
28
30
30
31
32

34
34
35
36
38
39

41



1 Introduction

This master’s thesis project was conducted in collaboration with the German Aerospace Center (Deut-
sches Zentrum fiir Luft- und Raumfahrt; DLR), Germany’s national research and technology center for
aeronautics, space, energy, transport, security, and defense.

The thesis work was carried out at DLR’s Institute of Software Technology, one of the organization’s
30 institutes and facilities located across Germany. The Institute focuses on enabling technologies
for reliable and safety-critical software systems, artificial intelligence, high-performance and quantum
computing, human-system interaction, visualization, software and systems engineering, and digital
platforms.

Within the Institute, the project was hosted by the Department of Intelligent and Distributed Systems,
and I was integrated into the Intelligent Software Systems (ISS) Team, a group of approximately 20 re-
searchers and students whose work lies at the intersection of artificial intelligence, software engineering,
and system science.

1.1 Motivation

In the era of interconnected systems and increasing data availability, understanding the dynamics of
complex networks over time is essential for addressing real-world challenges. Applications such as power
grid monitoring, epidemic containment, strategic marketing, and information propagation all benefit
from the ability to identify the most influential or vital nodes within temporal networks.

Temporal networks, in which connections between nodes evolve over time, present unique challenges
to model influence, spread, and systemic vulnerability. While recent advances in graph learning have
improved our ability to analyze such structures, the issue of privacy-preserving node analysis remains
an open problem, particularly relevant in domains involving sensitive personal or behavioral data [6].

This thesis aims to contribute to this emerging field by designing and implementing an architecture
capable of identifying vital nodes in temporal networks using Graph Neural Networks. The work
combines ideas from representation learning, temporal sequence modeling, and influence estimation
but only briefly explores privacy aspects.

This work is part of the DLR Graduate School GANDALF project, an initiative which brings together
researchers from across DLR institutes to strengthen the resilience of public transportation systems
against pandemic threats. Through interdisciplinary collaboration, including information technology,
microbiology, and fluid mechanics, the program explores innovative technologies for risk detection,
assessment, and mitigation. In this context, understanding influence and propagation patterns in
dynamic systems is a key enabler for early-warning mechanisms and targeted interventions, which is
an application of the identification of vital nodes in temporal networks.

1.2 Objective

The main goal of this thesis is to design and implement a machine learning framework that can identify
vital nodes in temporal networks. In particular, I aim to show that Graph Neural Network (GNN)-
based methods can outperform traditional approaches in this task. The framework I propose is meant
to be flexible and useful in different domains where dynamic networks play an important role. Possible
applications include preventing cascading failures in power grids [5], studying how diseases spread in
epidemiology [22], and understanding how information spreads online, for example, in the case of fake
news on social networks.

Contact network data is typically represented as a list of triplets. Each triplet contains the IDs of two
connected nodes and the timestamp indicating when the interaction occurred (Figure 1.1).


https://www.dlr.de/en/fk/research-and-transfer/projects/alternative-energy-converters/dlr-graduate-school-gandalf
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Figure 1.1: Visualization of the raw contact data underlying the temporal network

However, to apply methods from the graph learning community, particularly Graph Neural Networks
(GNNs), I will convert the raw contact data into a sequence of graphs. For example, in a temporal
network with 5 nodes, the data can be represented as a time series of undirected and unweighted
graphs, each capturing the interactions at a given moment in time (Figure 1.2). Alternatively, it is
also possible to aggregate interactions over defined time intervals, allowing for a coarser view of the
network’s temporal dynamics. This interval-based aggregation will be adopted in my study to avoid
having too many snapshots.

0 0

| 0\
4\ 1 4 1 4 \ 1 4 1
3 2 3—————2

3 2 3. 5
Snapshot 1 Snapshot 2 Snapshot 3 Snapshot 4

Figure 1.2: Example of a temporal network with 5 nodes associated with the contact data of Figure 1.1

The global idea of my machine learning architecture will be to process as input these sequences of graphs,
also called snapshots [3, 32]. The goal would be to use Graph Neural Networks to learn temporal node
feature vectors. Finally, these temporal node embeddings will be used to predict a vitality score for
each node, representing the node’s influence in the temporal network (Figure 1.3).

[Input: sequence of graphs]

[Output: Vitality score for each node]

Figure 1.3: Schematic overview of the proposed architecture: learning module in blue.

For example, in the context of infectious disease spread, contact networks are often used, where nodes
represent individuals and edges represent physical interactions between them. The timing and frequency
of these contacts significantly influence the dynamics of disease transmission, making the identification
of vital nodes in temporal networks crucial for effective containment strategies.



2 Background and related work

In conducting a literature review, I initially focused on understanding the concept of vitality and exam-
ining the existing methodologies for identifying such nodes in both static and temporal networks. While
several methods have been developed for static networks, there is a noticeable gap in approaches that
account for the temporal dynamics inherent in real-world systems. This gap is even more pronounced
when considering privacy constraints, rendering this intersection of temporal analysis and privacy a
largely unexplored research area.

Additionally, I explored methods aimed at solving related problems (section 2.5), such as the influence
maximization problem, to gain insights that could be applicable to identifying vital nodes. I also
analyzed various machine learning architectures designed for tasks like node classification and edge
prediction in temporal graphs (section 2.4). This analysis helped uncover techniques and perspectives
that could be adapted to tackle the specific challenges of vital node identification in temporal networks.

2.1 Vital nodes

We can define the vitality of a node as the number of nodes it can influence under a certain diffusion
dynamic [1]. This approach is related to numerical simulations, which will be explained in the next
subsection 2.1.1. Essentially, a node with a high vitality score is considered important or influential
within a network.

2.1.1 Suspected-Infected-Recovered (SIR) Model

The SIR model is a classic epidemic model used in network science and epidemiology to simulate how a
contagion (like a virus or information) spreads through a population. It divides the nodes (individuals)
into three compartments:

* S (Susceptible): Not yet infected but can be.
e I (Infected): Currently infected and can infect others.

* R (Recovered): No longer infected (assumed immune and not spreading the contagion).

As we can observe in the diagram 2.1, the possible changes of states occur when infected nodes infect
their susceptible neighbors with probability — and recover with probability

Susceptible|————| Infected —)

Figure 2.1: State transitions in the SIR model. Susceptible nodes become infected at rate , while
infected nodes recover at rate

To compute the vitality score of node i, we start by having node i in the Infected state and all other
nodes in the Susceptible state. Then, the simulation process is dependent on whether we process a
static or a temporal network.

Static Networks

In the case of static networks, the virus spreads through the network according to the SIR model (Figure
2.1) and the simulation is stopped when there are no more nodes in the Infected state. The vitality
score of node i is then defined as following [1]:



B Number of nodes in the Recovered state at the end
a total number of nodes in the network

V(i)

As the process is stochastic, we run the process n_simulations times and do the average over the
simulations to obtain a good statistical estimate. Here is an example for a static network (Figure 2.2):

(2.1)

SIR Simulation - Step 0 SIR Simulation - Step 0 SIR Simulation - Step 0
Vitality Score: 0.00 Vitality Score: 0.00 Vitality Score: 0.00
® Susceptible e Susceptible ®  Susceptible
. e Infected . ® Infected . ® Infected
h Recovered Recovered Recovered
® e ° ° ° ..
L ‘ L 3 ° ‘
= ° ®
° o ®
. . ’ N\ . /’ \ \ /'
N N\ \ \
® e | ®
[ ® ®
Run 1 Run 2 Run 3
Figure 2.2: Animated SIR spreading processes, = 0:3, = 0:1, and node 1 as initial infected node.

The final vitality scores of Figure 2.2 are 1, 0:8 and 0:7, so the average vitality score is equal to 0:83.
In our case we would do the process n_simulations times to obtain a good statistical estimate of the
vitality score. For example, if we do 100 runs, we obtain a vitality score of 0:86  0:04.

Temporal networks

While the SIR model can be applied to static networks, many real-world processes take place in settings
where interactions change over time [3, 31, 32]. In such cases, a temporal network representation is more
appropriate. Temporal networks offer a more accurate way to model real-world spreading processes, as
the timing and order of interactions can influence how diffusion unfolds [3]. In a static network, the
contacts are considered constantly available, which can overestimate the spreading potential. Including
temporal information allows us to follow the real sequence of contacts and identify time-related effects,
such as bottlenecks, that can significantly impact processes like epidemics, information sharing, or
influence propagation.

In the case of a temporal network, the global idea of the SIR model is the same as for a static network.
However, this time, the spreading process is done through temporal paths instead of classical paths, and
the simulation is stopped at the final time step of the temporal network. Moreover, another difference
is that we can start the spreading process at each time step of the temporal network.

]
least one neighbor). Let j 2 [1;m], we will look at R:' which corresponds to the number of nodes
in the Infected & Recovered states at the final time step, by starting the spreading process at time
step tJi with node i as the seed node. A_s this spreading process is stochastic, we launch the simulation

- - . . d . .
n_simulations times and just note R;' the average over the simulation runs.

To have a unique vitality score for node i, we will look at the following three score types [3, 31]:

. Rt
1 X Rt
Rmean(i) = — - (2.3)
m t2Ti N
. 1 >X Rt
Rnorm (i) = m Titl—kl (2.4)

t2T;



where N is the total number of nodes in the network and T is the number of snapshots (number of time
steps in the temporal network). The Rmax and Rmean values correspond respectively to the maximum
and average spreading capacity of node I, while the Rporm score corresponds to a temporally weighted
spreading capacity, giving more importance to later time steps. Therefore, in the context of networks,
the SIR score of a node usually refers to how influential that node is in spreading the contagion when
it is selected as the initially infected node.

Here is an example for the temporal network from Figure 1.2, with = 0:3, = 0:1, and node 1 as the
initial infected node.

SIR Simulation - Step 0 SIR Simulation - Step 0 SIR Simulation - Step 0
Vitality Score: 0.40 Vitality Score: 0.40 Vitality Score: 0.40
e Susceptible e Susceptible e Susceptible
. ® Infected . ® Infected . - ® Infected
Recovered Recovered Recovered
° ° ) ° ) °
[ [ ® [ [ [
Run 1 Run 2 Run 3

Figure 2.3: Animated Temporal SIR spreading processes, = 0:3, = 0:1, and node 1 as initial infected
node.

The vitality scores corresponding to Figure 2.3 are: 0:4, 0:4 and 0:6. If we do 100 runs, we obtain the
fOllOWlng Vltahty score: Rmax = 0:40 y Rmean = 036, Rnorm = 0:46.

There are other variants of the SIR model, like the Susceptible-Exposed-Infected-Recovered (SEIR)
which adds the Exposed state, which corresponds to a latency period during which individuals have
been infected but are not yet infectious themselves. There is also the Susceptible-Infected-Recovered-
Vaccinated (SIRV) model, which takes into account the possibility of vaccination of the susceptible
population. In the literature, the SIR simulation is widely adopted for evaluating node influence
[1, 29, 31, 32, 33|, which motivated my decision to use it among other alternatives. I implemented
both static and temporal versions of the SIR model, representing the temporal network as a sequence
of NetworkX graphs. To efficiently run thousands of simulations, I used the multiprocessing library,
enabling parallel execution across multiple CPU cores.

Finally, these scores can be used as ground truth for training machine learning models that predict
vital nodes, as well as for evaluating the performance of ranking algorithms.

2.2 Vital nodes identification (VNI) in static networks

Vital node identification refers to the process of determining the most important or influential nodes
in a network, whose activation significantly impacts the network’s functionality or dynamics [20]. In
the context of spreading processes, such as information diffusion or epidemic outbreaks, vital nodes are
those that can influence or reach a large portion of the network. Identifying these nodes is essential for
applications like epidemic control, targeted marketing, and network resilience.

While SIR simulations provide a realistic way to estimate node influence, they are computationally
expensive, especially for large-scale or long temporal networks [35]. Their outcomes are also sensitive to
parameters (infection rate and recovery rate ) and require multiple runs per node to reduce variance
and obtain reliable scores. Nevertheless, they remain the closest approximation to real spreading
dynamics and are widely used as ground truth for training and evaluating algorithms aimed at ranking
node influence [1, 3, 6, 29, 31, 33, 36].


https://networkx.org/documentation/stable/
https://docs.python.org/3/library/multiprocessing.html

2.2.1 Centrality measures

To overcome the computational cost of repeated simulations, many approaches instead rely on structural
properties of the network to approximate node vitality. Among these, static centrality measures provide
an efficient and widely adopted set of metrics to estimate the influence or vitality of nodes based on
their position and connectivity in the network. They can help determine how much a node can control
the flow of information, spread information, and quickly reach all other nodes, among other capabilities.
In this sense, nodes with high centrality scores are in general considered vital.

A lot of different centrality measures have been created, they go from very simple things like the degree
of a node to more complex algorithms like PageRank [23]. All the static centrality measures presented
here will be used later in my work (Chapter 3).

The Degree Centrality (DC) of node i is defined as:

DC(i) = number of neighbors of node i (2.5)

This measure captures how many immediate connections a node has, indicating its direct local influence.
In the context of epidemics, nodes with high DC represent individuals who can quickly spread the disease
to many others.

The Closeness Centrality (CC) [9] of node i is defined as:
. 1
cclj=P——— (2.6)
j2V nfig dij
where V is the set of nodes, and djj is the shortest distance between node i and node j. This measures

how close a node is to all other nodes in terms of shortest paths, reflecting how quickly it can reach the
rest of the network.

The Betweenness Centrality (BC) [4] of node i is defined as:
X } -
BC(i) = 30 (2.7)
jeiek 1K

where i is the total number of shortest paths from node j to node k, and k(i) is the number of
those paths passing through node i. Nodes with high BC values can be seen as key spreaders in an
epidemic, acting as intermediaries between distant groups of individuals. The more a node lies on the
critical infection pathways, the more control it has over the potential spread of the disease across the
network.

The H-index (H) [13] of node i is defined as:
H (i) = maxfh 2 N j at least h neighbors of i have degree hg (2.8)

This measures the quality of a node’s neighborhood by looking at the degrees of its neighbors. It’s like
evaluating a researcher’s impact not just by the number of papers they have published, but also by how
many citations those papers have received. In the context of epidemics, a node with a high H-index is
connected to other well-connected nodes, meaning it has the potential to contribute to a wider spread
of infection.

The Local-H-index (LH) [19] of node i is defined as:
LH(I) =H(i)+ H() (2.9)
J2N;

where Nj is the neighborhood of node i. This extends the H-index by aggregating it over a node and
its immediate neighbors. This is like considering not only a researcher’s impact but also the collective
impact of their close collaborators.



The Core Number (c) [2] of nodei is de ned as:
c(i)=max fk 2 Nji 2 k-core of the graphy (2.10)

where the k-core of a graph is the maximal subgraph in which every node has degree at least k within
the subgraph. The Core Number measures the largest k-core to which the node belongs, indicating
its position in the network's dense core structure. This means it's part of a tightly knit community of
nodes that all maintain multiple connections within the same group. In the case of epidemics, a node
with a high core number can act as a powerful spreader, since its infection is more likely to reach and
persist within the densely connected core of the network.

The Extended Core Number (ec) [1] of nodei is de ned as:

X
edi)= c(i) DC()+ c(j) DC() (2.11)
j 2N

This measure considers both the node's centrality within dense communities and the connectivity and
core strength of its neighbors.

The Node Itself and Neighbor Layer information (NINL) [36] measure of nodé is de ned as:
X
NINL @ (i) = DC(i) + DC(j) (2.12)
j2Vnfig
X di L

NINL V(i) = NINL & D)) (2.13)

j2Vnfig

di 1

where L has been set to the average shortest path length of the graph. In my implementation, | took
k = 3. This recursively aggregates degree information across neighborhoods up to a certain layer,
re ecting multi-hop in uence. Intuitively, in an epidemic process, a node with a high NINL value can
act as an e ective spreader, since its immediate and multi-hop neighborhoods are rich in connections,
allowing the infection to propagate rapidly through successive layers of the network.

The Improved gravity centrality (IGC) [28] measure of node is de ned as:
X . .
IGC(i) = w (2.14)
i2Vvnfig j
dj 3
X
IGC. (i) = IGC(j) (2.15)
j2N;

This simulates gravitational pull where nodes attract each other based on core centrality and degree,
decaying with distance, capturing medium-range in uence. Intuitively, in the context of epidemics, a
node with a high IGC value can act as an e ective spreader, since it is likely part of a dense community
and close to nodes with many neighbors, enabling the virus to propagate e ciently.

The Page Rank (PR) [23] centrality measure of nodei is de ned as:
X PR !

N )
PR() _,-=1 RATSI)

(2.16)

where a;; represents the connection between nodeisand j . PR(i)' is the PR value of nodei at step

|. The initial value is set uniformly as PR(i)° = Ni where N is the number of nodes. After several
iterations, the PR value gradually converges and becomes stable. | ugeR(i) to represent the nal PR
value of nodei. We can imagine it as a voting system where links to a page are like votes. The more
votes a page gets, especially from other important pages, the more important it becomes.

10



The Extended Cluster Coe cient Ranking Measure (ECRM) [34] of nodei is de ned as:

X
ECRM (i) = CRM (j) (2.17)
i2N
where CRM (j ) is the Cluster Ranking Measure for each neighbojj of nodei, and it is computed as:

X
CRM (i) = SCC(j) (2.18)
j 2N

where the Shell Clustering Coe cient (SCC) of node i is de ned as:

DC(j)

X
SCC(i) = (2 Ci)+ ZW

j2N

(2.19)

where Cj; is the Pearson's correlation coe cient between the shell vectors of nodes and j, and
max(DC) is the maximum degree in the graph. The shell vector of node is de ned as:

n
SV = Ni(l) ; Ni(z) viin N ()

where Ni(k) is the number of neighbors of node that have a core number equal tok, and f is the

maximum core number in the graph. In epidemiology, a node with a high ECRM value is a person
who, along with their similarly well-connected neighbors, can e ciently spread an infection through
the network.

In the case of information spreading, like in epidemiology, some of these centrality measures can be
criticized. For example, if we consider an epidemic spreading and suppose individual A is infected
and can reach individual D. The shortest path could beA! B ! D. Classical centrality measures
would assume that the infection travels only through this path. However, in reality, B might not get
infected (this person could be vaccinated), while the disease could still reach D via a longer path such
asA! C! E! D. Inthat case, individuals C and E are crucial for the propagation, but their role
would be overlooked by shortest-path{based centrality measures like CC, BC, IGC (eq. 2.6, 2.7, 2.14).
These measures can therefore be criticized in the case of epidemiology.

Moreover, some of these centrality measures o er advantages in terms of privacy: the level of access of
the network required for their computation. In Table 2.1, | list each centrality measure along with an
indication of whether it is a local or global index and specify the level of network access required for
its computation.

Centrality measure \ local index \ global index \ level of network access required

DC (eq. 2.5) 3 1-hop
CC (eq. 2.6) 3 full network
BC (eq. 2.7) 3 full network
H (eq. 2.8) 3 2-hop
LH (eq. 2.9) 3 3-hop
¢ (eq. 2.10) 3 full network
ec(eq. 2.11) 3 full network
NINL (eq. 2.13) 3 3-hop
IGC (eq. 2.14) 3 full network
IGC, (eqg. 2.15) 3 full network
PR (eq. 2.16) 3 full network
ECRM (eq. 2.17) 3 full network

Table 2.1: Centrality measures privacy-preserving information

11



Therefore, the local indices, and in particular the degree centrality is the measure that preserve more of
the privacy. Indeed, it requires only knowledge of the number of neighbors a node has, without access
to the broader network structure.

Several of these centrality measures, such as degree, closeness, betweenness, core number, and PageRank
are already implemented in the NetworkX library. Other measures, including H-index, NINL, ECRM,

and IGC, were implemented in Python, as they build upon the existing centralities or rely on shortest

path calculations, which are also supported byNetworkX

2.2.2 Machine learning algorithms

Although these heuristic approaches have achieved good performance in practice, they exhibit weak
adaptability, and their e ectiveness is often limited to speci ¢ settings and certain dynamics [1]. To
address these limitations, researchers have turned to machine learning techniques. This section will
review various approaches, which have shown promise in overcoming the constraints of traditional
methods.

In the work by [1], the authors propose a supervised learning framework for predicting node vitality
using only a small subset of the network (0.5% of the nodes) for training, with the remaining nodes used
for evaluation. Ground-truth vitality scores are obtained by simulating the SIR epidemic model. Each
node is represented through hand-crafted features capturing its structural role, including connectivity,
degree (eq. 2.5) and extended core number (eq. 2.11). Several machine learning models are then
trained on these features, with the best results achieved by a Support Vector Regression model with
a Radial Basis Function (RBF) kernel. To ensure that the training subset is structurally diverse, the
authors introduce a cluster sampling method based on K-means clustering of node features, followed
by uniform sampling within each cluster.

Building upon this idea of learning from node representations, the study in [29] adopts an autoencoder-
based approach to generate latent features that re ect the underlying network structure. The encoder
is implemented as a two-layer Graph Convolutional Network (GCN), while the decoder is a Multi-Layer
Perceptron (MLP). The autoencoder is trained to reconstruct node degrees, encouraging it to capture
local topological information. These latent embeddings are then used as input to another GNN-based
model, which assigns vitality scores to nodes. This model is trained using SIR-based ground-truth scores
and optimized with the ListMLE loss function (subsection 3.5.1), which emphasizes the correct ranking
of nodes. The training and validation are performed on synthetic (Baratasi-Albert) and real-world
networks, respectively, with a wide variety of real-world graphs used for testing.

A related approach is proposed in [33], where the focus is on leveraging local structural patterns
via feature matrices designed to encode each node's neighborhood information, including both direct
connections and the degrees of adjacent nodes. These matrices are processed through a Convolutional
Neural Network (CNN) architecture composed of two convolutional layers, two pooling layers, and a
nal fully connected layer. The model is trained using the Mean Squared Error (MSE) loss to predict
vitality scores derived from SIR simulations. Similar to previous works, the authors use synthetic
Baralasi-Albert networks for training and evaluate performance on a range of real-world networks to
demonstrate generalization, even if it performs best when the structure of the training and testing sets
are similar.

Compared to classical centrality measures, these learning based approaches aim to capture more com-
plex relationships between network structure and node in uence. They can adjust to various network
topologies by utilizing features that encode structural roles, latent embeddings, or local neighborhood
patterns. This method helps them identify vital nodes that might not stand out using standard cen-
trality measures. These nodes gain their in uence from small but meaningful structural details, which
are often missed by traditional approaches. In many cases, these learning-based methods achieve better
performance in identifying vital nodes than static centrality measures. Despite these advantages, several
challenges remain. Ensuring that the models generalize well to networks with very di erent structures

is still di cult, and addressing this is key to developing reliable and scalable approaches for vital node
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identi cation. Additionally, comparing di erent machine learning methods is often challenging, as
evaluation strategies and datasets vary widely across studies.

2.3 Vital nodes identi cation (VNI) in temporal networks

Temporal networks keep track of both the timing and sequence of interactions, avoiding "false" con-
nections that can appear when data is aggregated over time. This temporal detail is important for
dynamic processes such as contagion or information spread, where cause-e ect relationships and irreg-
ular activity patterns in uence who can actually connect with whom. For example, in epidemiology, a
person may interact with colleagues during the day at work and with family or friends in the evening.
Aggregating all contacts into a static network would suggest that all connections are simultaneously
active, but in reality, the timing of contacts determines the actual pathways of disease transmission.
As a result, identifying vital nodes requires methods that account for temporal information rather than
relying solely on static representations [3, 32].

Building on the methods used in static networks, we now extend our discussion to the identi cation
of vital nodes in temporal networks. The study of identifying important nodes in temporal networks
is considerably more challenging than in static ones. In temporal networks, a node may play di erent
roles at di erent times, meaning its importance can vary over time. For instance, an individual who was
highly active and in uential last year may become inactive this year and thus irrelevant for information
spreading initiated now. Consequently, e ective identi cation of vital nodes in temporal settings must
take into account both the structural properties of the network and the timing of interactions [3].

2.3.1 Temporal Centrality Measures

Centrality measures were rst developed for static graphs, and several have since been adapted to

static centrality measures to temporal networks.
The Temporal Degree Centrality (TDC) [15] is de ned as:

1

TOCW = o7

DC (i)t (2.20)
t=1
where DC (i); is the degree centrality of nodei in snapshot G;. It measures how frequently a node
interacts over time by averaging its number of connections across all time steps. A high TDC indicates

a node that is consistently active.

The Temporal Closeness Centrality (TCC) [15] is de ned as:
P L (2.21)
TCC(i)= — = — 2.21
(N DTy j2vnfig dj (6 T)

where in this temporal setting, djj (t; T) is the temporal shortest distance from nodei to nodej in the
time interval [t; T]. It re ects how quickly a node can reach others over time, considering the fastest
time-respecting paths. Nodes with high TCC can rapidly spread information throughout the network.

The Temporal Betweenness Centrality (TBC) [15] is de ned as:
X X (i ki
TBC(i) = ka') (2.22)
et isjekev o7 (1K)
t7 (k)>0

where 1 (j;K) is the number of time-respecting temporal shortest paths from nodej to node Kk,
7 (j; k; 1) is the number of those paths that pass through node. It captures how often a node acts
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as a bridge on time-respecting shortest paths between other nodes. A high TBC means the node plays
a key role in controlling or facilitating temporal ow in the network.

These temporal centrality measures directly extend the classical de nitions of degree, closeness, and
betweenness from static to temporal networks by incorporating time-respecting paths and snapshot-
based calculations. However, they essentially compute an average of the static centrality values across
all snapshots. While this captures overall activity or in uence trends, it also smooths out temporal
variations and may overlook transient but critical roles a node plays at speci c times. For example, a
node that becomes highly central during a short but decisive time window might receive a modest score
due to averaging. More re ned approaches could weight centrality values by process-speci ¢c importance
(e.g., peak spreading periods), incorporate temporal decay to emphasize recent activity, or model the
evolution of centrality as a time series rather than a single aggregated score. Such enhancements would
better capture the dynamic nature of node importance in temporal networks.

2.3.2 Baseline models

Since my focus is on identifying vital nodes in temporal networks, | looked for baseline algorithms that
address this problem, with particular attention to those using the same type of ground-truth scores to
enable fair comparison of results. The following two baseline models are both using the same three
temporal SIR scores (eq. 2.2, 2.3 and 2.4) to evaluate (and train) their model.

Temporal Gravity (TG) model

In this part, I'll explain the Temporal Gravity (TG) model [3], which proposes a measure based on
temporal shortest distances and other static centrality measures. This model is an analogy with physics

and Newton's law of gravitation. The Temporal Gravity (TG) score is de ned as:
. MiM;
TG(i) = éz ) (2.23)
dj R 1]

i6]
where Mi; M; are node properties,dj is the temporal shortest distance between nodes and j .

For the node property, baseline centrality measures are usedP RS, DCS, CCS, BCS, PR™, DC™,
CC™,BC™, TD (eq. 2.24).

measuré”: means that the average centrality has been computed over the snapshots.

measuré: means that the centrality has been computed on the aggregated network.

The aggregated network of a temporal network is a static graph formed by combining all temporal
interactions over time. An edge exists between two nodes if they interacted at any point during the
observation period (Figure 2.4).

Figure 2.4: Aggregated network associated with the temporal network of Figure 1.2

They also de ne their own Time degree (TD) centrality measure:

X .
TD(@)=  ePCl (2.24)
t=1
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whereDC (i); is the degree centrality of node at snapshott. This formulation of time degree emphasizes
time steps where the node has high connectivity, giving more weight to moments of high activity.

The Temporal Gravity (TG) model improves on traditional temporal centrality measures by combining
temporal shortest distances with static node properties. Unlike temporal closeness or betweenness,
which averages in uence over time and may miss short-lived but critical roles, the TG model weights
interactions by node importance, which enables better capturing dynamic in uence. Its strength lies
in contextualizing node relevance within the network's temporal structure. However, the model still
relies on static centrality, potentially overlooking nodes that are only vital during speci c moments.

It also demands higher computational resources and careful parameter tuning (choice @& and node
property), which can limit its scalability for large or high-frequency networks.

NFI-SGAT - Node Feature Initialization-based Streaming graph learning model with
Graph Attention network

The proposed method, Node Feature Initialization-based Streaming graph learning model with Graph
Attention network, NFI-SGAT [31] (Figure 2.5), starts by generating initial node features that capture
the topology for the rst time steps of the network. This is done using multi-scale feature vectors that
include degree centrality, h-index, and k-shell metrics. Then the temporal feature vectors are weighted
by the snapshot's weight, which contains the number of active nodes and the number of edges of the
shapshot. This leads to a unique feature vector for each node. Once the node features are initialized, the
model continuously updates node representations using a temporal streaming graph learning module.
This module employs a time-aware Long Short-Term Memory (LSTM) and an attention mechanism
to address the staleness problem of node memory. This mechanism aggregates information from the
temporal neighbors of nodes, ensuring that the node representations remain up-to-date and relevant.
The datasets are divided into three node subsets: training (80 %), validation (10 %), and testing (10
%). The training set is further partitioned into two portions based on a ratio , which determines how
much of the training data is used for node feature initialization versus dynamic representation learning.
The authors conduct experiments on eight real-world temporal networks.

(A=)
t2 ‘ Extract snapshots No.(lje.Fea.lture
@ @ ..... Initialization
‘ (CITR Gtre

Module

thg
e e Ground-truth
scores from SIR
thg+2 ( Temporal Streaming Graph Final Node
@ @ L Learning module Al Score Loss

Figure 2.5: Overview of the NFI-SGAT architecture: learning module in blue.

In contrast to the Temporal Gravity (TG) model, which o ers a simple and interpretable framework by
combining temporal shortest distances with static node properties, NFI-SGAT prioritizes exibility and
adaptability by learning rich, time-aware node representations using LSTM and attention mechanisms,
at the cost of interpretability. Both methods face broader challenges, including scalability, reducing
label dependency, and improving cross-network generalization.
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2.4 Temporal graph learning

Temporal graph learning aims to capture not just who's connected to whom, but when and how often

these interactions occur, enabling predictions about future events (like new connections or node be-
havior), understanding evolving dynamics, or forecasting time-varying patterns. Models often employ

structures like memory modules, time encoders, and recurrent or attention mechanisms to learn from
sequences of timestamped edges, balancing both structural and temporal context.

In [30], the authors introduce the Temporal Graph Attention (TGAT) layer for representation learning

on temporal graphs. This model aggregates both temporal and structural information by leveraging
a self-attention mechanism that captures interactions between node features and time. To e ectively
encode continuous-time information, the authors use functional time encoding based on Bochner's
theorem, which maps timestamps into a continuous domain. Each node is represented using its feature
vector along with the encoded time of its interactions, allowing TGAT to produce time-dependent
embeddings that evolve with the graph. The model is trained with a time-sensitive link prediction
loss, supported by negative sampling to improve robustness. A chronological train-validation-test split
(75%-15%-15%) ensures that training data re ect the temporal and structural diversity of the graph.
TGAT is designed for both transductive and inductive scenarios, making it capable of generalizing to
unseen nodes during inference.

Building on similar motivations, the Temporal Graph Networks (TGN) framework introduced in [24]
presents another approach for modeling dynamic graphs as sequences of timestamped events. Unlike
TGAT, TGN explicitly maintains a memory for each node, which stores a compressed history of its
interactions. This memory is updated over time using a series of modules: a Message Function encodes
interaction events, a Message Aggregator combines multiple messages, and a Memory Updater refreshes
the node's memory state. An Embedding module then generates node representations based on the
updated memory, helping mitigate the staleness of information. Like TGAT, TGN is trained with a
chronological split and evaluated on the future edge prediction task using Binary Cross-Entropy (BCE)
loss. TGN demonstrates strong performance in both transductive and inductive settings and is partic-
ularly e ective at capturing long-term temporal dependencies through its memory-based architecture.

In both cases, the main goal is to obtain a temporal representation of the nodes. For vital hode identi-
cation, several concepts can be reused, such as continuous-time encoding, self-attention mechanisms,
and memory modules.

2.5 Related problems

In network science, several problems focus on identifying important, critical, or in uential nodes, each
with distinct objectives and methodologies.

One widely studied problem is the Inuence Maximization problem (IM) [18, 20], a combinatorial
optimization task that involves selecting a subset of nodes, known as the seed set, to maximize the
spread of information, behaviors, or diseases across a network. This problem is typically modeled using
di usion models such as Independent Cascade (IC) or SIR. In uence Maximization is typically used
for o ensive strategies like viral marketing. For example, it helps answer the question: Which group of
social media in uencers should we target to promote a product and reach the largest possible audience?

Source detection [25] is a related but inverse problem. Given partial observations of infected nodes in a
network, the objective is to infer the initial source(s) of the spread. This inverse problem is particularly
signi cant in epidemiology and cybersecurity, where identifying the source of an outbreak can be crucial
for understanding its spread and implementing e ective control measures.

An alternative approach to In uence Maximization is the Critical Node Detection Problem (CNDP) [16].

In this problem, the goal is to identify a subset of nodes whose removal causes the greatest degradation
in network connectivity according to a prede ned metric, such as minimizing the number of connected
node pairs. CNDP is particularly useful for defensive strategies, including network disruption, epidemic
containment, and improving infrastructure resilience.
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In contrast to the other problems, the Vital Node Identi cation (VNI) [1, 3, 29, 31, 32, 33] problem
focuses on evaluating nodes individually rather than selecting an optimal subset. The goal is to assign
a score to each node based on its potential impact on spreading, for example, the expected number of
infections it would cause under SIR dynamics. VNI is a ranking or scoring task. These in uence scores
can then be used in downstream applications, such as targeted immunization or prioritizing nodes in
defense strategies aimed at minimizing the risk of cascading failures.
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3 Methodology

In this chapter, | introduce the datasets used in my study and describe the evaluation metrics applied to
measure model performance. | then present the design of the di erent architectures developed, followed
by the training and evaluation strategies used to validate their e ectiveness.

3.1 Datasets

" Highschool (HS2011, HS2012, HS2013) [8, 21]: contacts between students in a high school in
Marseille, France.
During 4 days (Tuesday to Friday) in December 2011.
During 9 days (Monday to the Tuesday of the following week) in November 2012.
During 5 days in December 2013.

Hospital-Contact (HC) [26]: contacts between patients and health-care workers (HWCs) in a
hospital ward in Lyon, France, from Monday, December 6, at 1:00 pm to Friday, December 10,
at 2:00 pm (2010). The study included 46 HCWs and 29 patients.

" Hypertext-2009 (HT2009) [14]: contacts between the attendees of the ACM Hypertext 2009
conference (2.5 days).

Primaryschool (PS) [10]: contacts between children and teachers in a primary school in France,
and covers two days of school activity (Thursday, October 1st and Friday, October 2nd, 2009).
Here is a video to see the evolution of contacts between the children depending on their class.

SFHH conference (SFHH) [11]: contacts between participants at the SFHH conference in Nice,
France (June 4-5, 2009).

Workplace (WP) [12]: contacts between individuals measured in an o ce building in France, from
June 24 to July 3, 2013.

Agent-based-models contacts (ABM) [7]: synthetic network, which have been generated through
Bayesian models from the WP, PS, and two other networks.

Table 3.1 provides a summary and comparison of key characteristics across all the datasets used in this
study. The networks in this study are relatively small, typically containing around a hundred nodes
and time steps. They also vary considerably in terms of the number of interactions recorded, which
can help to explain why some models perform better on certain datasets compared to others.

Across all datasets, there is a clear contrast between the volume of contacts during daytime and night-
time hours. Additionally, in some datasets, the impact of weekends is also evident, with a noticeable
drop in interactions (Figure 3.1). These di erences in interaction patterns are important to keep in
mind when analyzing spreading dynamics.

Then, | used my implementation of the temporal SIR model and ran it on the di erent datasets with
the following parameters: n_simulations = 100; = 0:1; = 0:01, as in the two baseline papers
studied [3, 31]. Through the simulations, | obtained the corresponding ground truth score distributions
(Figures 3.2 and A.1 in the appendix). Each histogram reports the frequency of nodes for a given score,
with mean and median indicated. The score ranges and distribution shapes vary considerably across
datasets and score types. For example, th&®nean Score spans roughly [00:25] for SFHH but [0:5; 0:75]
for Primaryschool, while the Rhax score shows an almost uniform spread between 0 and 1 for SFHH
but peaks sharply at 1 for Primaryschool. These distributions are important, as they serve both as
ground truth for the machine learning models and for computing evaluation metrics.

As mentioned earlier, the temporal SIR model can be initiated at any given time step in the network's
evolution. We observe that starting the simulation at a later time step generally leads to a lower average
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