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Abstract: In complex networks, the identification of critical nodes is vital for optimizing
information dissemination. Given the significant role of these nodes in network structures,
researchers have proposed various identification methods. In recent years, deep learning
has emerged as a promising approach for identifying key nodes in networks. However,
existing algorithms fail to effectively integrate local and global structural information,
leading to incomplete and limited network understanding. To overcome this limitation, we
introduce a transformer framework with multi-scale feature fusion (MSF-Former). In this
framework, we construct local and global feature maps for nodes and use them as input.
Through the transformer module, node information is effectively aggregated, thereby
improving the model’s ability to recognize key nodes. We perform evaluations using six
real-world and three synthetic network datasets, comparing our method against multiple
baselines using the SIR model to validate its effectiveness. Experimental analysis confirms
that MSF-Former achieves consistently high accuracy in the identification of influential
nodes across real-world and synthetic networks.

Keywords: complex networks; transformer; multi-scale; influential nodes

1. Introduction
Determining node importance represents a core challenge in network science, aiming

to identify nodes with the most significant impact on the structure and function of a net-
work [1]. Designing robust and precise algorithms for critical node identification holds
considerable value across theoretical research and real-world scenarios. For example, in
viral spreading networks, interventions targeting critical nodes can effectively reduce the
spreading rate and contain the spread of infections [2,3]. In transportation networks, identi-
fying key nodes such as major traffic hubs or high-flow road segments and optimizing their
operation can help alleviate congestion, improve traffic efficiency, and improve resilience in
the face of emergencies. Similarly, in power supply networks, recognizing and reinforcing
the stability of critical nodes can mitigate the risk of network failures, enhance power
spreading reliability, and reduce the likelihood of large-scale blackouts, thereby ensuring
the stable functioning of society. Therefore, complex network theory not only advances
insights into the structural principles governing networks but also serves a crucial function
in improving design, increasing operational efficiency, and reducing potential risks [4].

A variety of metrics have been introduced in the literature to identify important nodes
in networks, such as degree [5], betweenness [6], and closeness centrality [7], as well as the
H-index [8] and K-core measures [9]. However, these traditional methods typically rely on
heuristic algorithms based on a single metric, which may be effective for certain types of
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networks, such as those with simple structures or relatively homogeneous properties. In
contrast, for networks with complex structures or high heterogeneity, such single-metric
algorithms often perform poorly and fail to comprehensively capture node importance. In
response to these limitations, machine learning and deep learning approaches have been
employed to learn customized node representations, enhancing the accuracy of identifying
important nodes. Machine learning methods for identifying key nodes include least-
squares support vector machines (LSSVM) [10], ensemble learning (EL) [11], and K-nearest
neighbor (KNN) [12]. Deep learning methods encompass reinforcement learning (RL) [13],
convolutional neural networks (CNNs) [14], and graph neural networks (GNNs) [15].
However, many existing learning-based methods tend to focus exclusively on either local or
global structural features, and often lack an effective mechanism for integrating both. This
limitation reduces their applicability to real-world networks with intricate topologies. For
instance, in highly modular social or biological networks, local metrics such as degree or H-
index may identify nodes with strong immediate influence but overlook their role in cross-
community connectivity or long-range information diffusion. Conversely, global metrics
such as betweenness or closeness centrality may capture overall structural positioning
but fail to reflect subtle structural variations in dense subgraphs. Likewise, deep learning
models that rely solely on local convolutions may inadequately represent long-range
dependencies, while those that emphasize global embeddings are prone to over-smoothing,
diminishing the discriminative power of node features. Since the relative importance of
local and global information varies across network environments, insufficient fusion of
both types of features significantly constrains the expressive power and generalizability of
existing models. Therefore, a key challenge in current research lies in how to effectively
integrate both local and global features to improve the robustness and accuracy of key
node identification.

In recent years, multimodal techniques have achieved remarkable progress in various
domains, including image segmentation [16,17], video retrieval [18,19], and image classifi-
cation [20]. By integrating data from multiple modalities, these approaches demonstrate sig-
nificant advantages in understanding complex scenes, enhancing model generalization, and
improving information representation. At the same time, transformer models [21], which
are based on attention mechanisms, have increasingly become the dominant paradigm due
to their powerful feature fusion capabilities, excelling in multimodal tasks. Inspired by
multimodal techniques and transformer architectures, this paper both explores complex
network analysis and proposes a transformer framework with multi-scale feature fusion
(MSF-Former). This integration enables more effective assessment of node influence within
the network.

The primary contributions of this paper can be summarized as follows:

(1) We construct global and local feature maps based on node-level global and local
metrics, as well as their one-hop adjacency matrix, enabling multi-scale feature input.

(2) We introduce a multi-scale fusion transformer module for feature analysis, combining
both global and local node information to achieve more precise identification of
node influence.

(3) We conduct parameter optimization analysis to determine the optimal configura-
tion that balances model performance with computational cost, improving predic-
tion accuracy.

(4) We evaluate MSF-Former on nine distinct network datasets (three synthetic, six real-
world), and the experimental findings reveal that it outperforms seven baseline
approaches in identifying influential nodes under diverse infection scenarios.
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2. Notations and Acronyms
To enhance the readability of the manuscript and facilitate reference for readers, this

section provides a list of the main notations and acronyms used throughout the paper, as
shown in Table 1. This overview enables readers to better understand the definitions of vari-
ous indicators and methods, ensuring smoother comprehension of the subsequent sections.

Table 1. List of acronyms.

Acronym Meaning Reference

MSF-Former A transformer framework with multi-scale feature fusion –
DC Degree centrality [5]
BC Betweenness centrality [6]

DCp Weighted degree centrality [22]
CC Closeness centrality [7]
KS K-shell index [9]
CL Clustering coefficient [23]
KC K-core centrality [9]
HI H-index [8]

In f GCN GCN model predicting node influence based on centrality
features [24]

EKC Enhances K-core by integrating neighbors’ K-core values [25]

CNT Transformer model identifying influential nodes via dynamic
feature sequences [26]

LCNN CNN model ranking node importance from local feature maps [27]

3. Related Works
Assessing node importance in complex networks holds substantial research signif-

icance and finds broad application in numerous real-world contexts. The existing body
of work can be broadly divided into centrality-based approaches, machine learning ap-
proaches, and deep learning approaches.

3.1. Centrality-Based Approaches

Centrality-based approaches are formulated by leveraging the topological character-
istics of networks and can be classified into methods that use a local network structure,
global network structure, and a combined local and global network structure. (1) Local
network structure-based methods include degree centrality and clustering coefficient [23].
Bonacich [28] proposed eigenvector centrality, which measures node influence based on
its connectivity to multiple key nodes. Xu et al. [29] introduced the adjacency information
entropy method, which assesses node importance based on its adjacency degree. (2) Global
network structure-based methods include betweenness centrality and closeness central-
ity. These methods often employ iterative computations of neighboring node influence
to capture global structural characteristics, and after convergence, determine the final
influence. Brin et al. [30] proposed PageRank, which ranks nodes using a random walk
process. Lü et al. [31] proposed LeaderRank, an optimization of the PageRank framework.
It introduces ground nodes and connects all nodes via bidirectional links, which improves
the ranking performance and enhances robustness to noisy data, making it more stable and
accurate than PageRank. (3) Methods combining both local and global network structure
include the random walk gravity (RRWG) algorithm proposed by Curado et al. [32], which
extracts local information using an effective distance metric and acquires global information
through communication probability estimation. Ullah et al. [33] proposed local-and-global-
centrality (LGC), which combines normalized degree to model local features with shortest
path and neighbor degree to reflect global network properties. Liu et al. [34] introduced
semi-local-global centrality (SLGC), which extracts local information using generalized



Big Data Cogn. Comput. 2025, 9, 129 4 of 21

energy entropy and combines shortest path length and clustering coefficient to represent
global features. Aman Ullah et al. [35] proposed a graph embedding-based hybrid centrality
(GEHC) method, which utilizes deepwalk to embed the network into a low-dimensional
vector space, captures node proximity through Euclidean distances, and combines node
degree and k-shell index to construct initial importance weights. The method evaluates
node influence based on distance-weighted aggregation over local neighbors.

3.2. Machine Learning- and Deep Learning-Based Approaches

Advancements in machine learning and deep learning have driven innovation
across various fields, offering new methodologies for evaluating node importance.
Rezaei et al. [36] introduced the machine learning approach, which applies support vector
regression (SVR) to estimate node influence based on partial network training. Li et al. [11]
introduced the EL algorithm, which is used to analyze network robustness and identify
critical nodes. Zhao et al. [24] proposed the InfGCN framework, a deep learning model
that incorporates four network features and neighborhood graph structures to enhance the
precision of node influence assessment. Yu et al. [14] employed CNN to reformulate key
node identification as a regression problem, utilizing features derived from the adjacency
matrix and node degrees, with infection scale as the predicted output. Zhang et al. [37]
proposed a method that constructs a feature matrix through a contraction matrix, followed
by the application of both GCN and GNN models to estimate node influence.

In summary, centrality-based approaches rely on low-level features to assess node
influence, which limits their effectiveness due to the restricted information dimensions.
While machine learning- and deep learning-based approaches have demonstrated superior
performance in node influence identification, they still face challenges in integrating local
and global information. This limitation hinders the comprehensive modeling of complex
network topologies, thereby constraining the generalization capability of such methods
across diverse network settings.

4. Methodology
This paper addresses the multi-scale information fusion challenge in key node identifi-

cation within complex networks by proposing a transformer framework with multi-scale
feature fusion (MSF-Former). Unlike most existing methods that rely solely on either
local or global network information for node importance assessment, this paper integrates
global and local structural information to provide a more complete representation of node
characteristics. Accordingly, a multi-channel feature extraction mechanism is introduced,
which separates and reconstructs structural metrics along local and global dimensions,
resulting in physically interpretable feature maps. This approach not only preserves the
topological interpretability of the metric system but also enhances the expressive power of
the feature space. Furthermore, a multi-scale fusion transformer module is designed to en-
able cross-scale feature association modeling, thereby improving the model’s capability to
extract structural features from complex networks. An overview of the process is presented
in Figure 1.
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Figure 1. The basic process of MSF-Former. First, node feature maps are extracted from the network,
which include local feature maps and global feature maps. The local feature maps consist of degree
centrality matrix E(DC), weighted degree centrality matrix E(DCP), and clustering coefficient matrix
E(CL). The global feature maps consist of the betweenness centrality matrix E(BC), the closeness
centrality matrix E(CC), and the k-shell index matrix E(KS). These features are fed into the Multi-Scale
Feature Fusion Transformer for node influence prediction. The model is trained using labels generated
from SIR model simulations, where the label represents the number of nodes that a given node can
infect during the propagation process. To evaluate the performance of the method, MSF-Former is
compared against traditional and deep learning-based algorithms, including degree, H-index, K-core,
EKC, PageRank, LCNN, InfGCN, and CNT.

4.1. Node Feature Extraction

In complex network analysis, many measurement methods evaluate nodes according
to distinct structural properties, but they vary in computational cost, and relying on a
single feature is often insufficient to fully capture a node’s importance. Therefore, we
select degree [5], weighted degree [22], and clustering coefficient [23] as local indicators to
provide a more comprehensive depiction of the role of individual nodes. Degree centrality
measures a node’s influence by tallying its direct connections, disregarding the significance
or centrality of adjacent nodes; weighted degree centrality further differentiates connection
quality, allowing the identification of whether a node is connected to highly influential
neighbors, thereby more accurately assessing the actual influence of a node rather than
merely its number of connections. Specifically, in this study, the weighted degree centrality
is defined as the product of a node’s degree and the average degree of its neighboring
nodes, which reflects not only the number of direct connections but also the structural
importance of its local neighborhood; the clustering coefficient describes the density of the
local structure surrounding a node, reflecting the connectivity within a community and its
potential for information propagation. The integration of these three indicators allows the
analysis to extend beyond direct connectivity, capturing a node’s influence and structural
role within its local network, thereby achieving a more precise characterization of local
features in complex networks.

Meanwhile, we select betweenness [6], closeness [7], and K-shell value [9], which
are employed as global metrics to comprehensively evaluate node roles across the whole
network. Betweenness centrality evaluates a node’s significance based on its presence
in shortest paths, highlighting nodes that act as bridges and facilitate communication
between distinct network regions; closeness centrality assesses how accessible a node is
by computing the reciprocal of its average shortest distance to all other nodes, thereby
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reflecting its efficiency in disseminating information; K-shell value, based on the core-
periphery hierarchical decomposition method, identifies the core nodes of a network,
assessing their stability and influence in the overall structure. The combination of these
three indicators allows the analysis to not only identify key hub nodes but also evaluate
information spreading efficiency and the core structure of the network, thus providing a
more comprehensive characterization of global network features.

Taking a comprehensive approach, we extract the following node features: between-
ness centrality WBC, closeness centrality WCC, K-shell value WKS, degree centrality WDC,
weighted degree centrality WDCP , and clustering coefficient WCL. These features not only
provide a more comprehensive reflection of node importance but also incur relatively low
computational costs, achieving a good balance between cost and performance.

After obtaining the node features, we designed a method for generating the adjacency
matrix E. The detailed steps are presented below: (1) construct a candidate set by extracting
the immediate neighbors of each node; (2) arrange the adjacent nodes in decreasing order
based on their degree; (3) connect to the top L nodes with the greatest degrees. In the
generated adjacency matrix E, connected node pairs are marked as 1, while non-connected
pairs are marked as 0. To maintain dimensional consistency, zero-padding is used when
the number of neighbors falls below L. Figure 2 illustrates the process of generating the
adjacency matrix E for a given node.

Figure 2. Illustration of adjacency matrix extraction: (a) identify the neighbor nodes directly connected
to node 3 (nodes 1, 2, 4, 6, and 7), and sort them in descending order based on WDC to extract the
candidate set for node 3; (b) generate adjacency matrices of size L = 5 and L = 6 based on these nodes.

After computing the adjacency matrix associated with each node, we embed the
extracted metrics into the one-hop adjacency matrix, creating six feature matrices for
each node:

E(Y)
i =


anmWY

Π(n) n = m

a0mWY
Π(m) n = 0, m ̸= 0

an0WY
Π(n) n ̸= 0, m = 0

anm otherwise

, n, m ∈ [0, L] (1)

where Y ∈ [BC, CC, KS, DC, DCP, CL], E(Y)
i denotes the one-hop adjacency feature matrix

constructed for node i under a specific network metric Y. anm denotes the binary adjacency
relationship: anm = 1 if the n-th and m-th neighbors are directly connected in the original
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network, and anm = 0 otherwise. Meanwhile, Π(n) represents the original node index
corresponding to the n-th neighbor after sorting. These six feature matrices are then
divided into two groups: the global feature map F(global)

i =
{

E(BC)
i , E(CC)

i , E(KS)
i

}
and the

local feature map F(local)
i =

{
E(DC)

i , E(DCP)
i , E(CL)

i

}
. These feature maps are used as input

to train the model.

4.2. Label

This paper investigates the dissemination of node influence using the susceptible–
infected–recovered (SIR) model [38], a widely adopted framework for modeling diverse
social processes such as epidemics, information diffusion, and rumor propagation. The
SIR model represents the process of infection and recovery through a three-state frame-
work—susceptible, infected, and recovered—while assessing the probability of epidemic
emergence. Infected nodes propagate the infection to adjacent susceptible nodes at a spread-
ing rate represented by β. After becoming infected, a node recovers with probability λ and
becomes immune to further infection. The propagation process concludes once all infected
nodes have transitioned to other states and none remain in the network. In all experiments
in this paper, we set the recovery rate to λ = 1 in order to simplify the diffusion process,
improve simulation efficiency, and ensure a stable correspondence between node features
and influence labels. The ability of a node to propagate influence is quantified based on M
independent SIR simulations, as described below:

Φ(i) =
1
M

M

∑
m=1

Φ′(i) (2)

where Φ′(i) denotes the total number of recovered nodes at the conclusion of a single SIR
simulation, with node i serving as the only initial source of infection.

To prevent an excessively high infection probability from allowing a single node to
dominate the entire network and exert a disproportionate influence[39], the parameter β

representing infection probability, is calibrated to the propagation threshold βth to facilitate
extensive network spread.

βth = ⟨k⟩/⟨k2⟩ (3)

where ⟨k⟩ and ⟨k2⟩ represent the average degree and the second-order average degree
of the network. Finally, we use Φ(i) as the label for the respective node to facilitate
model training.

4.3. Model Prediction

This section primarily introduces the prediction process of the transformer framework
with multi-scale feature fusion that we designed.

Specifically, we obtain the global feature map F(global)
i and the local feature map

F(local)
i from the multi-channel feature construction module. These two feature maps are

sequentially processed through two convolutional layers, with each layer subsequently
connected to a max pooling layer. This process enhances key features while preserving
essential spatial information, providing a more compact and efficient input representation
for subsequent processing. In this process, we employ LeakyReLU as the activation
function [40], which can be expressed as follows:

LeakyReLU(X) =

X (X > 0)

αX (X ≦ 0)
(4)

where α denotes a small constant, empirically set to 0.1.
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Then, we perform tensor serialization on the global feature map F(global)
i ∈ RC×H×W

and the local feature map F(local)
i ∈ RC×H×W extracted by the convolutional neural network.

Through spatial flattening and dimension permutation operations, the three-dimensional
feature maps are reconstructed into two-dimensional feature sequences I(global)

i ∈ RHW×C

and I(local)
i ∈ RHW×C. These two feature sequences are then concatenated, and a learn-

able positional encoding matrix is introduced, resulting in a transformer input sequence
Ii ∈ R2HW×C with spatial awareness. The embedding of the positional encoding matrix
enables the model to distinguish spatial information across different tokens during training.
Subsequently, the input sequence Ii is projected onto three weight matrices to compute Q,
K, and V.

Q = IiWQ,

K = IiWK,

V = IiWV ,

(5)

where WQ, WK, and WV denote the projection matrices. The self-attention mechanism cal-
culates attention scores via the scaled dot-product of Q and K, followed by a multiplication
with V to produce the final output:

Attention (Q, K, V) = softmax

(
QKT
√

DK

)
V (6)

To extract contextual information from multiple positions in the input and represent
intricate dependencies across distinct feature dimensions, we employ the multi-head
attention mechanism. This mechanism calculates self-attention by employing multiple sets
of weight matrices, denoted as WQ, WK, and WV , and the final representation is obtained
by concatenating the resulting output matrices. Subsequently, the output sequence Oi is
computed through a two-layer feedforward network with fully connected layers, where
GELU [41] is employed as the intermediate activation function. Finally, the shape of
Oi remains consistent with that of the input sequence Ii. The multi-scale feature fusion
transformer module is illustrated in Figure 3.

Figure 3. Multi-scale feature fusion transformer module.
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After obtaining the feature sequence Oi, it is flattened into a one-dimensional sequence
and passed through a fully connected layer, ultimately producing a single-dimensional pre-
diction value that represents the propagation influence of the node. To improve predictive
consistency, the MSE loss is utilized during training to minimize the discrepancy between
model outputs and label values generated by the SIR model. A learning rate of 0.001 is
adopted to ensure convergence stability and training efficiency.

5. Experiment
This section presents comprehensive experiments to evaluate the effectiveness of

MSF-Former. During training, the model is provided with a BA network [42] comprising
1000 nodes and an average degree of four, with labels derived from an SIR simulation
conducted at an infection rate of β = 1.5βth. The BA network is widely used as a benchmark
in complex network studies due to its power-law degree distribution, a feature commonly
found in real-world networks. Kendall correlation coefficient [43] is adopted as the evalua-
tion metric, and performance comparisons are conducted on three synthetic network types
and six real-world networks against eight baseline approaches. Finally, the simulation
results are discussed, and the model’s performance is analyzed.

5.1. Kendall Correlation Coefficient

This paper adopts the Kendall correlation coefficient to assess the consistency between
node importance rankings and influence-based rankings derived from the SIR model and
various metrics. The Kendall coefficient τ ranges from −1 to 1, where a value of 1 means
the rankings are identical, −1 indicates a perfect inverse relationship, and 0 implies the
absence of any consistent order between the rankings.

5.2. Datasets

In order to thoroughly assess the performance of MSF-Former, we conducted exper-
iments on a variety of real-world and synthetic networks, all represented as undirected
and unweighted graphs. We generated the synthetic networks based on the Lancichinetti–
Fortunato–Radicchi (LFR) [44]. By adjusting the LFR parameters, we constructed three
networks with distinct topological characteristics. Table 2 summarizes the statistical prop-
erties of the synthetic networks.

Table 2. The statistical properties of the synthetic networks.

Network N E ⟨d⟩ βth β ⟨k⟩ C ksmax

LFR2000-k5 2000 10,034 5.69836 0.09836 0.09 5 0.37739 8
LFR2000-k10 2000 20,634 4.47204 0.07227 0.07 10 0.41041 11
LFR2000-k15 2000 30,350 3.92303 0.05772 0.05 20 0.4239 11

In Table 2, N represents the total number of nodes in each network, E denotes the total
number of edges, ⟨d⟩ indicates the average shortest path length, βth represents the infection
probability threshold, β is the infection probability set for this paper, ⟨k⟩ denotes the
average degree of the network, C represents the clustering coefficient, and ksmax indicates
the maximum degree value in the network.

We employed six real-world networks of varying scales, each corresponding to a
different network category or application domain, including scientific collaboration net-
works, social networks, infectious disease spreading networks, and biological networks.
These networks are (1) netscience [45], a collaborative network describing the relationships
among network scientists; (2) Facebook [46], a social network capturing the friendship
connections; (3) infectious [47], a diffusion network that models the dynamics of population
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infection spread; (4) yeast [48], a protein interaction network; (5) protein [49], a biological
network representing interactions among proteins; and (6) CA-GrQc [50], an academic
collaboration network published on a preprint platform. All six networks are treated as
undirected and unweighted graphs to simplify the modeling and analysis process. Since
real-world networks are not always fully connected and may consist of multiple connected
components, we preprocess the six datasets to extract the largest connected subgraph
from each network. This step helps reduce the impact of isolated nodes or anomalies,
ensuring that the experimental results are more statistically meaningful. Table 3 presents
the statistical properties of the real-world networks.

Table 3. The statistical properties of the real-world networks.

Network N E ⟨d⟩ βth β ⟨k⟩ C ksmax

CA-GrQc 4158 13,422 6.04938 0.05561 0.05 6.456 0.55688 43
facebook 324 2218 3.05374 0.04662 0.04 13.691 0.46581 18
infectious 410 2765 3.63085 0.05343 0.05 13.488 0.45582 17
netscience 379 914 6.04187 0.12468 0.12 4.823 0.74123 8

protein 783 6726 4.83984 0.06339 0.06 4.317 0.07152 6
yeast 1458 1948 6.81237 0.14031 0.14 2.672 0.07083 5

5.3. Benchmark Methods

(1) Degree centrality

The degree of a node is determined by the number of its direct connections, as shown
in the following formula:

di =
N

∑
j=1

aij (7)

The more neighboring nodes a node has, the greater its degree di.

(2) K-core centrality

K-core centrality is a node importance measure based on network hierarchical de-
composition. The calculation process is as follows: Initially, nodes with a degree smaller
than the current k-value are iteratively excluded until all remaining nodes possess a degree
greater than or equal to k. Subsequently, k is incrementally increased, and the process is
repeated to determine the final retained k-value for each node. Nodes with higher K-core
values are generally considered to exert greater influence in the network.

(3) H-index

The H-index is a measure of scholarly productivity, defined by the number of publica-
tions that have received at least H citations. A higher H-index indicates a higher level of
academic influence. The calculation of the H-index involves first sorting publications by
citation count in descending order, and then selecting the rank at which the citation count
is at least equal to the rank.

(4) PageRank centrality

PageRank, designed for ranking web pages, holds that the value of a page is deter-
mined by the number and quality of its inbound links. By factoring in the influence of
neighboring nodes, the algorithm assesses node significance, relying on iterative global
computations to converge and ensure precise results. PageRank’s iterative approach un-
derscores its focus on the entire network structure, contributing to its robustness and
widespread adoption in evaluating node significance in complex networks.
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(5) EKC

The EKC method [25] builds upon K-shell decomposition by incorporating the K-core
values of neighboring nodes to enhance the assessment of node influence. Traditional
K-shell methods focus solely on the global hierarchical structure of the network, whereas
the EKC method enhances accuracy by calculating a weighted sum of the node’s K-core
value and those of its neighbors, leading to a more precise identification of core nodes
within the network.

EKC(i) = ki + α ∑
j∈N(i)

k j (8)

where ki represents the K-core value of node i, N(i) denotes the set of neighboring nodes,
and α is a tuning parameter.

(6) InfGCN

InfGCN [24] is an extended version of a graph convolutional network, which in-
cludes an input layer, GCN layers, three fully connected layers, and an output layer.
This model utilizes four centrality measures—degree, closeness, betweenness, and clus-
tering coefficient—to represent node features. The node features are processed through a
GCN layer with an ELU activation function, while incorporating residual connections and
dropout techniques. Next, a series of three fully connected layers is applied to the node
representations, incorporating ELU activation functions after the initial two layers. Finally,
the model processes the results using a LogSoftmax classifier for classification.

(7) LCNN

The LCNN model [27] is an influential node ranking algorithm based on CNN and
consists of multiple components: an input layer, two independent CNN subnetworks, a
global average pooling layer, and a fully connected layer. To represent nodes, LCNN utilizes
two network metrics, degree centrality and H-index, and constructs a local feature channel
set based on the adjacency matrix. The extracted features are then processed through two
independent CNN branches, where each branch learns feature representations separately.
These representations are subsequently integrated using the global average pooling layer.
At the final stage, the node representations are input into two fully connected layers to
generate predictions. The first fully connected layer is followed by a LeakyReLU activation
function, and the second fully connected layer computes the final node influence score.

(8) CNT

The CNT model [26] is a transformer-based algorithm designed for identifying influ-
ential nodes in complex networks. It consists of an input layer, two transformer encoder
layers, and a fully connected layer. In terms of node representation, CNT utilizes the
degree information of each node along with its neighboring nodes and constructs a dy-
namic input sequence that includes the features of the target node, its first-order neighbors,
and second-order neighbors. The sequence length is adaptively adjusted according to
the degree distribution of the network to ensure scalability across networks of different
sizes. During feature extraction, CNT employs two transformer encoder layers without
position encoding, where each layer incorporates multi-head self-attention mechanisms,
feed-forward neural networks, residual connections, and normalization operations. This
design enables the model to effectively aggregate information from neighboring nodes. At
the output stage, CNT extracts the representation from the first position of the transformer
output sequence and feeds it into a fully connected layer for regression, yielding the final
node influence scores. The model is trained by minimizing the MSE loss, with parameters
optimized using the RMSprop algorithm.
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5.4. Implementation Details

The experiments were conducted using Python 3.7 on an NVIDIA GeForce RTX 4060
GPU within a CUDA 12.5 environment, utilizing the PyTorch deep learning framework. To
ensure a fair performance evaluation, the datasets used for training were matched in terms
of network type and scale with those employed for training LCNN, InfGCN, and CNT.

5.5. Model Parameter Analysis

This section presents a parameter analysis to evaluate the performance of MSF-Former
under different neighbor counts L and transformer layer configurations. In the experiments,
we selected the training network as the model input and used the SIR model to generate
node influence labels. Based on the training performance on this network, we tested various
combinations of neighbor counts L ranging from 2 to 10 and transformer layers ranging
from one to seven, recording the corresponding Kendall τ coefficients and the total number
of model parameters for each configuration.

As shown in Figure 4, when the neighbor count is set to L = 6 and the number of
transformer layers is six, MSF-Former achieves a good balance between Kendall’s τ coeffi-
cient and model complexity, demonstrating excellent performance with a relatively low
parameter count. Although the configuration with L = 6 and two transformer layers also
achieves comparable performance with fewer parameters, considering that deeper network
structures generally enable richer feature extraction and enhance the model’s expressive
capacity and potential generalization ability, we ultimately selected the configuration with
L = 6 and six transformer layers as the final setting for MSF-Former.

Figure 4. Parameter analysis: MSF-Former’s Kendall coefficient τ and total number of model
parameters under different neighbor counts L and transformer layer numbers.

5.6. Experimental Results

In this section, we aim to demonstrate the effectiveness of MSF-Former in enhancing
the accuracy of influential node identification within complex networks. To evaluate
its ranking performance, we compare MSF-Former with several baseline methods using
Kendall’s τ coefficient as the evaluation metric. The comparison is conducted across six
real-world networks and three synthetic networks to ensure robustness and generalizability
of the results.

5.6.1. Synthetic Networks

We first conducted a comparative analysis of the Kendall correlation coefficient be-
tween the SIR model and various node importance evaluation algorithms across three
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synthetic networks, with the spreading rate range set to [0.01, 0.15]. As shown in Figure 5,
MSF-Former consistently outperforms the other eight algorithms across all metrics, demon-
strating its strong capability in identifying influential nodes in different synthetic networks.
Moreover, MSF-Former maintains a significant advantage across a broader range of spread-
ing rates. When the spreading rate is low, degree centrality and H-index perform relatively
well, which can be attributed to the fact that under low spreading rates, a node’s actual
influence is primarily determined by its degree.

Figure 5. Comparison of ranking accuracy among nine methods on three synthetic networks datasets.
The horizontal axis denotes the spreading rates, and the vertical axis indicates the Kendall correla-
tion coefficient between the node rankings predicted by different algorithms and the ground-truth
influence rankings derived from the SIR model: (a) LFR2000-k5; (b) LFR2000-k10; (c) LFR2000-k15.

5.6.2. Real-World Network Validation

In addition to the three synthetic networks, we also conducted experiments on six
real-world networks. We first evaluate the correlation between the node rankings produced
by various algorithms and their actual propagation capabilities. The infection probability
for each of the six networks is set according to the β values presented in Table 3, and each
experiment is independently run 1000 times, with the average results recorded. Higher
correlation values indicate that the node importance ranking derived from the algorithm
more accurately reflects the true node influence.

As shown in Figure 6, the proposed MSF-Former exhibits a high correlation with the
number of infections Φ in the SIR propagation process and outperforms other algorithms
in most cases. In contrast, traditional centrality-based methods such as degree, H-index,
and K-core show weaker correlations with actual influence, with results displaying greater
fluctuations. Notably, H-index and K-core exhibit the weakest correlation with the number
of infected nodes in the SIR model. This is because, in highly community-structured
networks, nodes tend to have high clustering coefficients, and local connections limit
the relationship between degree and global influence, thereby affecting ranking accuracy.
PageRank produces predictions concentrated within a narrow range. While it exhibits a
weak linear relationship in low-influence regions, its performance in identifying highly
influential nodes is poor. This is mainly due to the sensitivity of PageRank to random walk
paths, which introduces bias in strongly community-structured networks, leading to an
underestimation of important nodes. Additionally, deep learning-based methods also fail
to achieve satisfactory performance, with InfGCN performing particularly poorly.
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Figure 6. The correlation of the rankings from nine different methods with the number of infected
nodes in the SIR model’s propagation process. The horizontal axis shows the node influence predicted
by each algorithm, while the vertical axis represents the actual number of infected nodes from SIR
model simulations. Due to differences in scoring mechanisms and output scales among the algorithms,
the horizontal axis values are not on a unified scale: (a) CA-GrQc; (b) Facebook; (c) infectious;
(d) netscience; (e) protein; (f) yeast.



Big Data Cogn. Comput. 2025, 9, 129 17 of 21

In the correlation experiments, the spreading rate is fixed, meaning the experimental
results only reflect a static state under a specific spreading rate. To more accurately evaluate
and compare the ranking capabilities of different algorithms, we use τ as the accuracy metric
and set the spreading rate within the range [0.01, |βth|+ 0.07]. If βth ≤ 0.08, the spreading
rate is set within [0.01, 0.15]. Figure 7 presents the experimental results, demonstrating that
MSF-Former outperforms other algorithms in most cases. Although K-core, PageRank, and
EKC methods are based on global network information, they do not exhibit a significant
advantage in identifying key influential nodes. Meanwhile, degree centrality and H-index,
as local feature-based methods, perform well at lower spreading rates because information
propagation is constrained locally, primarily influenced by the number of direct neighbors.
In these cases, nodes with higher degree values tend to have a wider infection range.
The LCNN model performs worse than MSF-Former due to its over-reliance on local
neighborhood features, lacking an effective representation of global topological information.
Although InfGCN fuses local and global features, its shallow GCN architecture limits the
capture of higher-order neighborhood information, and its coarse feature fusion design
fails to fully exploit multi-scale structural correlations, leading to suboptimal recognition
performance. The suboptimal performance of the CNT model is attributed to its relatively
simplistic input features, which primarily rely on node degree information and fail to
adequately capture the multi-level structural characteristics of nodes in complex networks.

Figure 7. Comparison of ranking accuracy among nine methods on six real-world network datasets.
The horizontal axis indicates the spreading rate, while the vertical axis shows the Kendall correlation
coefficient between the node rankings predicted by different algorithms and the ground-truth influ-
ence rankings derived from SIR simulations: (a) CA-GrQc; (b) Facebook; (c) infectious; (d) netscience;
(e) protein; (f) yeast.

We further adjust the node evaluation range K to analyze variations in the Kendall
correlation coefficient. Figure 8 presents the correlation between different algorithms’
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ranking results and actual propagation influence rankings across various node proportions.
The results indicate that for small K values, MSF-Former performs slightly worse than
certain methods in the Facebook and infectious networks. This is primarily because
these networks have relatively low overall degree, leading to minimal differences in the
propagation influence of top-ranked nodes. In such low-degree networks, multiple high-
ranked nodes exhibit similar propagation capacity, which affects MSF-Former’s evaluation
performance for small-scale selections. However, as K increases, MSF-Former demonstrates
more stable superiority across a broader range of node rankings, accurately identifying
nodes that play a critical role in information dissemination. In contrast, other algorithms
tend to exhibit inconsistent performance across different network structures, particularly
in larger and more complex networks, where their ranking stability is notably weaker.
Overall, MSF-Former outperforms other algorithms in ranking robustness.

Figure 8. Comparison of nine algorithms at different node proportions. The horizontal axis represents
the node sampling rate, and the vertical axis shows the Kendall correlation coefficient between the
predicted and ground-truth node rankings: (a) CA-GrQc; (b) Facebook; (c) infectious; (d) netscience;
(e) protein; (f) yeast.

5.6.3. Computational Complexity

To comprehensively evaluate the practical performance of MSF-Former, this study
further introduces a computational complexity assessment. Computational complexity is
measured by GFLOPs, which mitigates the influence of hardware differences on runtime
and provides a more objective reflection of the theoretical computational cost.

In this experiment, MSF-Former and three deep learning methods (InfGCN, LCNN,
and CNT) were selected as comparative models, and their GFLOPs during the inference
phase were measured. The tests were conducted on network datasets of varying scales.
It is worth noting that, since the inputs of InfGCN and CNT depend on the number of
network nodes, their computational complexity increases with the growth of network size.
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In contrast, MSF-Former and LCNN employ fixed-size inputs, and their computational
complexity remains unaffected by changes in network scale. The experimental results,
as shown in Table 4, demonstrate that although MSF-Former incorporates a multi-scale
feature fusion mechanism, it still exhibits significantly lower computational complexity
compared to other methods, thereby achieving superior inference efficiency.

Table 4. GFLOPs comparison of different models across multiple networks.

Model Netscience CA-GrQc Infectious Protein Yeast Facebook LFR2000-k5 LFR2000-k10 LFR2000-k15

InfGCN 0.0071 0.0778 0.0035 0.0286 0.0123 0.0027 0.0169 0.0169 0.0169
LCNN 0.0611 0.0611 0.0611 0.0611 0.0611 0.0611 0.0611 0.0611 0.0611
CNT 0.0042 0.4233 0.0049 0.1279 0.0718 0.0042 0.1331 0.1331 0.1331

MSF-Former 0.0004 0.0004 0.0004 0.0004 0.0004 0.0004 0.0004 0.0004 0.0004

6. Conclusions
This paper proposes a transformer framework with multi-scale feature fusion (MSF-

Former) that innovatively combines multi-modal thinking and transformer technology. We
construct two feature maps by incorporating both global and local network structure infor-
mation of the nodes as model inputs, and utilize the transformer for feature fusion learning.
This facilitates the comprehensive extraction of both global and local node information,
which in turn improves the accuracy of node importance identification. The effectiveness
of MSF-Former is validated by using the Kendall correlation coefficient as the evaluation
metric, with experiments conducted on six real-world and three synthetic network datasets.
The results from the correlation experiments show that MSF-Former can more precisely
measure the propagation influence of nodes. Moreover, in experiments across different
spreading rates and node ranges, MSF-Former demonstrates superior performance in
identifying key nodes, with its accuracy surpassing various classic and recently proposed
methods. These results fully demonstrate the effectiveness and innovation of MSF-Former.

Future improvements to enhance the effectiveness and applicability of MSF-Former
can be considered along several directions. In terms of feature representation, incorpo-
rating additional information such as node heterogeneity and dynamic evolution could
further enrich node representations and improve the model’s recognition ability in complex
network environments. Regarding model structure, considering the relatively high compu-
tational complexity of transformer architectures, future work could explore lightweight
transformer variants or sparse attention mechanisms to reduce inference costs and improve
computational efficiency. Moreover, given that weighted networks provide a more realistic
characterization of connection strengths in real-world systems [51], future extensions of
MSF-Former could focus on adapting the model to weighted network settings. It is also
worth noting that the current study primarily validates the model on undirected and un-
weighted networks, and has not yet systematically tested its performance on weighted or
directed networks. By incorporating edge weight information and considering network
directionality, the model could capture node importance more comprehensively, thereby
enhancing its applicability and generalization ability in practical complex networks.
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