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SPECIAL TOPIC — Computational programs in complex systems
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Identifying critical nodes is a pivotal research topic in network science, yet the efficient and accurate detection of
highly influential nodes remains a challenge. Existing centrality measures predominantly rely on local or global topologi-
cal structures, often overlooking indirect connections and their interaction strengths. This leads to imprecise assessments
of node importance, limiting practical applications. To address this, we propose a novel node centrality measure, termed
six-degree gravity centrality (SDGC), grounded in the six degrees of separation theory, for the precise identification of
influential nodes in networks. Specifically, we introduce a set of node influence parameters — node mass, dynamic inter-
action distance, and attraction coefficient — to enhance the gravity model. Node mass is calculated by integrating K-shell
and closeness centrality measures. The dynamic interaction distance, informed by the six-degrees of separation theory, is
determined through path searches within six hops between node pairs. The attraction coefficient is derived from the differ-
ence in K-shell values between nodes. By integrating these parameters, we develop an improved gravity model to quantify
node influence. Experiments conducted on nine real-world networks demonstrate that SDGC significantly outperforms nine
existing classical and state-of-the-art methods in identifying the influential nodes.

Keywords: gravity model, influential nodes, six degrees of separation, semi-local information
PACS: 89.75.Hc
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1. Introduction

Complex networks serve as powerful tools for modeling
real-world systems, such as social, biological, and communi-
cation networks.[1–3] The relationships between nodes (repre-
senting entities) govern the dynamics of these networks. Con-
sequently, understanding the structure and functionality of net-
works is crucial for fields such as social media marketing, epi-
demic control, infrastructure optimization, knowledge dissem-
ination, and financial forecasting.[4] With the rise of big data,
the internet, and increasingly complex interactions, network
scales have rapidly expanded, becoming more intricate and in-
terconnected. As a result, identifying influential nodes has be-
come a critical challenge,[5] essential for applications such as
precision advertising,[6] disease control,[7,8] and information
flow optimization.[9] Recent advancements in deep learning,
graph theory, and artificial intelligence have highlighted the
significance of this task.[10–13] For instance, the algorithm that
predicts individual influence in social networks directly im-
pacts viral marketing[14] and political campaigns.[15,16] Sim-
ilarly, effective interventions in disease or information prop-
agation require accurate identification of key nodes. As net-

works continue to grow in scale and complexity, the need for
precise identification of influential nodes becomes even more
urgent.

1.1. Related work

Network analysis often relies on classical centrality mea-
sures to evaluate node importance. These measures, based
on network structural properties, provide insights into nodes’
roles in processes such as information dissemination, net-
work resilience, and other dynamics. Common centrality mea-
sures include degree centrality (DC),[17] betweenness central-
ity (BC),[18] closeness centrality (CC),[19] eigenvector central-
ity (EC),[20] PageRank,[21] and K-shell centrality (KS).[22] DC
measures node importance by counting direct connections, as-
suming nodes with more connections are more significant. BC
assesses how frequently a node lies on the shortest paths be-
tween other nodes, with a high value indicating a key role in
information flow and influence propagation. CC is the recip-
rocal of the sum of the shortest path lengths from a node to
all other nodes, suggesting that higher CC values enable more
efficient information spread. EC extends DC by considering
connections to other important nodes. K-shell decomposition

†Corresponding author. E-mail: jianbow2021@gmail.com
‡Corresponding author. E-mail: xuxiaoke@foxmail.com
© 2025 Chinese Physical Society and IOP Publishing Ltd. All rights, including for text and data mining, AI training, and similar technologies, are reserved.

http://iopscience.iop.org/cpb http://cpb.iphy.ac.cn

088902-1

https://doi.org/10.1088/1674-1056/adec62
https://cstr.cn/32038.14.CPB.adec62
mailto:jianbow2021@gmail.com
mailto:xuxiaoke@foxmail.com
http://iopscience.iop.org/cpb
http://cpb.iphy.ac.cn


Chin. Phys. B 34, 088902 (2025)

evaluates node importance based on network structure, partic-
ularly in sparse or hierarchical networks, and is often used in
resilience analysis. These centrality measures differ in their
focus on various network characteristics. For example, CC
and BC assess a node’s position within the entire network, not
just its immediate neighbors, evaluating importance through
global topological relationships rather than local neighbor-
hood structures. Ubaida et al.[23] proposed a global clustering
coefficient-based centrality to analyze profitable product con-
nections in large-scale product networks. Aman et al.[24] in-
troduced a method that balances node-specific and global net-
work influences. Yang et al.[25] developed a method combin-
ing shortest path lengths, path frequencies, and non-shortest
paths to identify key nodes. Zhao et al.[26] proposed a quanti-
tative model that integrates node importance with global net-
work influence to measure centrality.

In contrast, local centrality methods, such as DC, eval-
uate node importance based on its neighborhood structure.
These methods focus on direct connections or interactions
along the shortest paths between nodes. Yang et al.[5] empha-
sized local neighborhood information, making their algorithm
computationally efficient for large-scale networks. Zhong et
al.[27] defined local degree dimensions by analyzing neigh-
bors across different layers around a central node. Xu et
al.[28] proposed a centrality measure using a local propagation
probability model, considering propagation influence scores
among neighbors of various orders. Wen et al.[29] introduced
a method for identifying influencers using local information
dimensions, extending the local scale to half the shortest dis-
tance from the central node. Zhang et al.[30] combined one-
step and two-step neighborhood information in a multi-local
attribute weighted centrality method using information en-
tropy. Yang et al.[31] comprehensively utilized the local at-
tributes, network locations and topological structure informa-
tion of nodes to evaluate the possibility of each node being
selected as a seed.

Recent studies aim to balance global and local informa-
tion. Ai et al.[32] evaluated node importance by integrating
self-influence, local structural influence from neighbors and
global influence based on topological position and shortest
paths. Sheng et al.[33] proposed a method that considers global
influence through node proximity while accounting for local
structural influence from nearest neighbors. Qiu et al.[34] im-
proved degree centrality and K-shell decomposition methods
to measure both local and global influences, offering a com-
prehensive evaluation of node importance. Hu et al.[35] inte-
grated K-shell hierarchical information with node connectivity
and adjacent node values in the GLI algorithm to identify key
nodes. Li et al.[36] combined local and global methods by ana-
lyzing core network nodes using betweenness centrality (BC).
Additionally, recent approaches incorporate physics theories

to address the balance between global and local information.
Su et al.[37] divided the network into multiple communities at
the global level, and assessed node importance by analyzing
the internal and external density entropies of nodes locally.
Wang et al.[38] introduced a new centrality method based on
the centripetal force formula, employing a ”seed exclusion al-
gorithm” to avoid the “rich club phenomenon”. Yang et al.[39]

developed an adaptive truncation radius and a relaxed distance
formula, incorporating gravitational forces to calculate cen-
trality. Guo et al.[40] integrated multiple gravitational mod-
els for a comprehensive evaluation of nodes. Zhang et al.[41]

proposed Laplacian centrality, combining the Laplacian ma-
trix with the gravitational model to more effectively measure
node importance. In particular, unlike traditional centrality
methods that focus on intrinsic node attributes, gravity-based
approaches emphasize the interactions between nodes. By in-
tegrating node mass, interaction distance, and attraction coeffi-
cients, these methods unify and consolidate multi-dimensional
topological information, making them better suited for captur-
ing diffusion dynamics and hierarchical structures in complex
networks.

Despite these advancements, challenges remain in prac-
tical applications. Traditional centrality methods often focus
on either local or global topological features, limiting their ac-
curacy in complex, heterogeneous networks. For example, lo-
cal methods like DC, PageRank, and EC excel at identifying
nodes with tightly connected neighborhoods but fail to account
for long-range dependencies. Conversely, global methods like
BC and CC assess propagation capabilities comprehensively
but are computationally expensive, especially in large net-
works. Additionally, these methods are sensitive to network
noise and outliers, impacting stability and reliability.

Although some advanced methods integrate local and
global information, semi-local information remains underex-
plored. Semi-local information captures the influence that lies
between local and global structures. Liu et al.[42] proposed
a generalized energy model combining information entropy
and generalized energy to reflect semi-local influence, using
clustering coefficients and inter-node distances to construct a
global influence index (GI). Zhang et al.[43] introduced a semi-
local centrality measure based on relative changes in the aver-
age shortest path across the network. Wang et al.[44] devel-
oped a method based on node dimensions that balances local
and global metrics. Farahi et al.[45] proposed three methods
for identifying key nodes in temporal networks: temporal hy-
percycle ratio, temporal semi-local integration, and temporal
semi-local centrality. Semi-local information plays a critical
role in many networks by capturing medium-range dependen-
cies between nodes, which is crucial for assessing node impor-
tance comprehensively. However, existing methods have yet
to fully incorporate this layer of information. Consequently,
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while current methods have improved the accuracy of node
importance identification, further exploration is needed to inte-
grate semi-local information and refine the evaluation of node
importance.

1.2. Motivation and contributions

Based on the previous analysis, we identify the following
key issues: (i) Solely relying on local information may over-
look significant interaction relationships between nodes, while
global information, though offering a more comprehensive
view, suffers from high computational complexity in large-
scale networks. (ii) Semi-local information is often neglected,
yet it is crucial for assessing node importance. In complex net-
works, a node’s importance depends not only on its immediate
neighbors but also on its broader position within the network.
(iii) Properly defining the scope of semi-local information is
critical, as failure to do so may disrupt the balance between
evaluation accuracy and computational complexity, undermin-
ing the effectiveness and applicability of the algorithm.[39]

Inspired by Isaac Newton’s law of universal gravitation,
which states that the gravitational force between two objects is
proportional to their masses and inversely proportional to the
square of their distance, we propose solutions to these chal-
lenges. The main contributions of this paper are as follows.

(i) We propose a new method, the six-degree gravitational
centrality (SDGC) metric, to identify key nodes in networks
by quantifying node interaction forces based on the “law of
universal gravitation”. We systematically map the three fun-
damental components of the “law of universal gravitation” —
mass, distance, and gravitational constant — onto correspond-
ing topological features in complex networks, thereby propos-
ing an integrated framework that incorporates local, semi-
local, and global information.

(ii) Based on the six-degree separation theory, we limit
path searches to six hops, balancing neighborhood propagation
range and minimizing computational overhead in large-scale
networks. Building on the traditional gravitational model, we
introduce cross-layer propagation and replace the fixed grav-
itational constant with an attraction coefficient, more accu-
rately reflecting node interaction relationships.

(iii) We conduct comprehensive comparative experiments
across nine real-world networks, evaluating nine state-of-the-
art and classical methods in terms of correlation, propaga-
tion capability, monotonicity, and node removal. Our results
demonstrate the SDGC method’s high accuracy and strong
node differentiation capability.

The remainder of this paper is organized as follows: Sec-
tion 2 details the proposed method; Section 3 covers experi-
mental setup, results, and method comparisons across differ-
ent networks; and Section 4 concludes the paper and outlines
future work.

2. Proposed method
In a given undirected graph G = (V,E), V represents the

set of nodes, and E represents the set of edges between nodes.
The topological structure of the network is typically described
by an adjacency matrix A = (ai j)N×N , where N denotes the to-
tal number of nodes in the network. The elements ai j in the ad-
jacency matrix describe the connection relationships between
nodes: when ai j = 1, it indicates that there exists an edge be-
tween nodes i and j; when ai j = 0, it indicates that there is no
connection between nodes i and j.

Existing methods typically consider only local or global
information of networks, failing to fully capture the multi-
level and dynamic characteristics of node interactions or ef-
fectively handle the neighborhood structure in complex net-
works. To address these limitations, we propose an improved
gravity model-based node identification method inspired by
the six degrees of separation theory — six-degree gravity cen-
trality (SDGC). SDGC is grounded in the core concept of the
gravity model, evaluating node importance through the cumu-
lative effect of interactions between a node and its surround-
ing nodes. The gravitational force in the model is enhanced by
three key factors:

(i) Node “mass”: Node mass quantifies the intrinsic im-
portance of a node as a constituent of the network structure.
Unlike fixed mass in physical systems, node importance in net-
works is dynamic. SDGC dynamically assesses a node’s mass
by integrating its local properties (e.g., neighborhood struc-
ture) and global properties (e.g., relative position).

(ii) Dynamic interaction distance between nodes: Dy-
namic interaction distance measures the ease with which two
nodes can interact within the network. The interaction force
is inversely proportional to distance. Traditional shortest-path
metrics fail to fully reflect the multi-path propagation charac-
teristics in complex networks. To address this, SDGC quan-
tifies interaction distance by searching all possible paths be-
tween node pairs and incorporates the six degrees of separa-
tion theory to limit the path search scope, balancing the com-
prehensiveness of network structure information.

(iii) Cross-level attraction coefficient: The attraction co-
efficient reflects the intensity of interaction between node
pairs, with an emphasis on capturing cross-layer interaction
phenomena. SDGC improves the gravitational constant in the
traditional gravity model by introducing an attraction coeffi-
cient based on K-shell value differences between nodes, em-
phasizing the impact of cross-level interactions on information
propagation. The K-shell value reflects a node’s relative po-
sition in the network hierarchy, and its difference highlights
the distinct core layers where nodes reside. This hierarchical
difference enables information propagation to transcend layer
boundaries, thereby enhancing the strength of connections be-
tween nodes.
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Fig. 1. The framework of the proposed SDGC method.

On the other hand, the six degrees of separation theory
posits that any two individuals can be connected through five
intermediaries, a concept validated in Milgram’s “small-world
experiment”.[46] This theory reveals that in real-world social
networks, information exchange between nodes can be ef-
ficiently achieved through a limited number of intermediate
paths, with connections beyond this range having significantly
reduced influence. Therefore, SDGC defines a node’s central-
ity as the cumulative force of interactions with neighboring
nodes (both direct and indirect) within its six-degree neigh-
borhood. The framework of the SDGC method is illustrated in
Fig. 1.

2.1. SDGC method

Below, we will provide a detailed description of the
SDGC calculation process.

Step 1 Calculation of the node mass.
In gravity model-based centrality methods, node mass is

a crucial factor for assessing influence. In the SDGC method,
node mass integrates local network properties and the node’s
global network position. We select closeness centrality (CC)
and K-shell value as key factors for the following reasons: CC
reflects the likelihood and cost of interactions between a node
and others,[47] serving as an important indicator of informa-
tion dissemination efficiency. In SDGC, we further use the
average CC of neighbors within a node’s sixth-order neigh-
borhood (i.e., nodes reachable within six hops) to assess the
ability of the node’s local community to propagate informa-

tion externally. A higher average CC value indicates lower
dissemination costs within the community, facilitating infor-
mation spread. Thus, the average CC value intuitively reflects
the ease of interaction between the local community and exter-
nal nodes. The pseudocode for the sixth-order neighborhood
algorithm is provided in Algorithm 1.

Algorithm 1: Compute six-degree neighborhood.

1: Input: Graph G = (V,E), target node n, maximum degree δ = 6
2: Output: The set of nodes neighbors6 within six degrees of n
3: Initialize distances[n]← 0, Q← [n], neighbors6← /0
4: while Q is not empty do
5: Pop node u from Q
6: Add u to neighbors6

7: if distances[u]≥ δ then
8: break
9: end if
10: for each neighbor v of u do
11: if v /∈ distances then
12: distances[v]← distances[u]+1
13: Add v to Q
14: end if
15: end for
16: end while
17: return neighbors6

The K-shell value indicates the node’s core layer in the
network, serving as a key metric for assessing its global topo-
logical status. Nodes in higher core layers are closer to the
network center and have greater potential and range for in-
formation dissemination. However, K-shell value calculations
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often result in duplicate values, leading to insufficient differ-
entiation between nodes, which can bias mass estimation and
limit applicability in large-scale networks. To address this, we
apply an exponential smoothing process to the K-shell value,
reducing the impact of duplicate values while preserving its
ability to identify core layers, thereby enhancing the method’s
performance. This combined approach of using the clustering
coefficient and K-shell value balances local and global infor-
mation while mitigating the adverse effects of K-shell value
degeneracy, thereby enhancing its applicability to large-scale
networks.

Definition 1 (Node mass). Based on the above analysis,
the formula for calculating the mass of node i is as follows:

mass(i) = (Ci
α
)(ksi)

β

, (1)

where Ci
α represents the average closeness centrality of the

neighbor nodes within the six-degree neighborhood of node
i, and ksi denotes the K-shell value of node i. α and β are
balancing coefficients used to adjust the influence of the node
itself and its neighbors on the centrality calculation.

Step 2 Calculation of dynamic interaction distance be-
tween nodes.

In the gravity model, the interaction distance between
nodes is crucial for calculating the interaction force, being in-
versely proportional to the interaction strength. While tradi-
tional centrality measures, based on shortest path length, are
intuitive, they overlook multi-path interactions and the dy-
namic nature of information dissemination in complex net-
works. To address this issue and thereby more accurately
model the distance component in the gravitational framework,
reflecting the ease of interaction between nodes in complex
networks, the SDGC method introduces a dynamic interac-
tion distance based on semi-local information, which better
captures the interaction dynamics in complex networks. This
measure is derived from the six degrees of separation theory,
restricting the path search to the sixth-order neighborhood of
each node. This approach retains key topological information
while reducing computational complexity. The dynamic in-
teraction distance incorporates both the shortest path length
and the number of possible connecting paths. A shorter path
indicates lower interaction costs and a higher likelihood of in-
formation exchange, thereby reducing the interaction distance.
Conversely, a greater number of connecting paths increases the
interaction potential, further shortening the dynamic interac-
tion distance. By doing so, the dynamic interaction distance
more effectively captures the true nature of node interactions
in complex networks, consistent with the principle that interac-
tion strength is inversely proportional to the effective distance
measure. The pseudocode for calculating the number of short-
est paths between nodes i and j within six hops is provided in
Algorithm 2.

Algorithm 2: Compute shortest paths within six degrees.

1: Input: Graph G = (V,E), source node s, target node t, maximum
degree δ = 6

2: Output: Number of shortest paths within six degrees from s to t
3: if s = t then
4: return 1
5: end if
6: Initialize distances[s]← 0, path counts[s]← 1
7: Initialize queue Q← [s]
8: while Q is not empty do
9: Pop u from Q 10: if distances[u]≥ δ then
11: break
12: end if
13: for each neighbor v of u do
14: if v /∈ distances then
15: distances[v]← distances[u]+1
16: Add v to Q
17: end if
18: if distances[v] = distances[u]+1 then
19: path counts[v]← path counts[v]+path counts[u]
20: end if
21: end for
22: end while
23: return path counts[t]

Definition 2 (Dynamic interaction distance). Based on
the above analysis, the formula for calculating the dynamic
interaction distance between nodes i and j is given as follows:

ri j = d
(N/Pi j)

γ

i j , (2)

where di j represents the shortest path length between nodes i
and j, and Pi j denotes the number of connecting shortest paths
between nodes i and j within six hops. N is a normalization
factor, representing the number of nodes in the network, used
to balance the weight of the shortest path count across net-
works of different scales and to prevent computed values from
becoming excessively large or small, thereby mitigating the
impact of outliers on subsequent calculations. γ is a balanc-
ing parameter that controls the nonlinear influence of the path
count on the interaction distance.

Step 3 Calculation of the attraction coefficient between
nodes.

In gravity model-based centrality methods, the attraction
coefficient between nodes directly determines the strength of
interactions, making it a key parameter for modeling informa-
tion dissemination dynamics. To define the attraction coeffi-
cient more effectively, the SDGC method introduces an inno-
vative approach based on K-shell values, which integrates the
node hierarchy within the network and their cross-hierarchical
propagation characteristics. The K-shell, derived by iteratively
removing peripheral nodes, captures the topological hierarchy
and the potential for information dissemination. Nodes with
low K-shell values are typically located at the periphery of the
network, with fewer connections and limited influence, while
those with high K-shell values are central, with numerous con-
nections and strong ties to key nodes. Therefore, the dispar-
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ity in K-shell values between nodes reflects underlying cross-
hierarchical propagation characteristics.[48] Specifically, sig-
nificant K-shell differences correspond to pronounced hierar-
chical gaps, driving information flow across hierarchies. This
is especially evident in the propagation from low-K-shell to
high-K-shell nodes, where information spreads through core
nodes to broader regions, enhancing coverage and diffusion
efficiency.

Definition 3 (Attraction coefficient). To reflect the posi-
tive impact of hierarchical differences on information propaga-
tion, we define the attraction coefficient between nodes, with
its calculation method presented below:

G(i, j) = (|ksi− ks j|+1)σ , (3)

where ksi and ks j represent the K-shell values of nodes i and
j, respectively. The parameter σ is used to adjust the influ-
ence of the attraction coefficient on the interaction force be-
tween nodes. The constant term of +1 in the formula ensures
that even nodes with identical K-shell values maintain some
level of attraction, preventing the calculated value from being
zero, which would otherwise render the model incapable of
handling interactions for those nodes. To ensure the reason-
ableness of the attraction coefficient between nodes, we limit
the path search range to the sixth-order neighborhood. This
restriction enables the differences in K-shell values to more
directly reflect the hierarchical disparities between nodes, en-
suring that interactions are meaningful. Furthermore, this lim-
itation prevents the information propagation efficiency from
approaching zero due to excessively large distances between
nodes, thereby enhancing the model’s ability to capture the
actual characteristics of information propagation in complex
networks.

Step 4 Calculation of the interaction force between nodes.
Inspired by the law of universal gravitation, the interac-

tion force between nodes i and j is calculated as follows:

F(i, j) = G(i, j)
mass(i) ·mass( j)

r(i, j)2 , (4)

where mass(i) and mass( j) represent the masses of nodes i and
j, respectively, r(i, j) denotes the dynamic interaction distance
between nodes i and j, and G(i, j) is the attraction coefficient
between nodes i and j.

Step 5: Calculation of the SDGC value of nodes.
In the SDGC method, the centrality of a node is defined

as the cumulative interaction force with neighboring nodes
within its sixth-order neighborhood. The interaction force
between nodes is calculated based on a gravitational model,
which not only reflects the direct contribution of local neigh-
bors to centrality but also incorporates global network infor-
mation through the specification of the neighborhood range.

Definition 4 (SDGC value). Based on the above analysis,
the SDGC value of node i is defined as follows:

SDGC(i) = ∑
i6= j, j∈N(6)

i

F(i, j), (5)

where N(6)
i denotes the set of nodes in the sixth-order neigh-

borhood of node i.
To sum up, we propose a novel node centrality measure-

ment method based on a gravitational model, termed SDGC.
The SDGC score is the final node centrality value computed
under the gravitational framework; it integrates the three pre-
viously defined components and encapsulates multiple topo-
logical features to comprehensively assess node importance.
Unlike traditional centrality metrics, SDGC comprehensively
accounts for local network properties (such as closeness cen-
trality and K-shell value) and the dynamic interaction distance
between nodes, thereby providing a more holistic assessment
of a node’s influence. Specifically, by restricting the neigh-
borhood range to six degrees, SDGC effectively captures net-
work topological features while avoiding excessive computa-
tional complexity. Furthermore, SDGC mitigates inaccuracies
in influence calculations caused by overly distant nodes dur-
ing information propagation, thus more accurately reflecting a
node’s importance within the network. The pseudocode of the
SDGC method is shown in Algorithm 3.

Algorithm 3: Framework of the proposed SDGC method.

1: Input: Graph G = (V,E), parameters α,β ,γ,σ

2: Output: Gravity centrality SDGC(i) for each node i ∈V
3: Compute closeness centrality and K-shell for all nodes
4: Initialize centrality[i]← 0 for each i ∈V
5: for each node i ∈V do
6: neighbors 6← Algorithm 1 (G, i,δ = 6)
7: Remove i from neighbors
8: if neighbors empty then
9: continue
10: end if
11: Compute average closeness of neighbors
12: Compute mass of node i
13: for each j ∈ neighbors 6, j 6= i do
14: Pi j ← Algorithm 2 (G, i, j,δ = 6)
15: if Pi j > 0 then
16: Compute distance r(i, j)
17: Compute attraction coefficient G(i, j)
18: Compute gravity force F(i, j)
19: Update SDGC(i)
20: end if
21: end for
22: Update centrality for node i
23: end for
24: return centrality

2.2. Time complexity analysis of the SDGC method

The time complexity of our proposed SDGC method pri-
marily consists of the following components. First, when cal-
culating node mass, neighbors within a six-degree range are
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computed using BFS, with a complexity of O(N +E), which
is comparable to the complexity of calculating centrality and
K-shell, i.e., O(N · (N + E)). Second, when computing the
number of paths and distances between two nodes, BFS is
employed, with a complexity of O(N + E). Finally, when
calculating the centrality of the gravity model, each node re-
quires computations with its six-degree neighbors, resulting in
an overall complexity of O(N · (N +E)). Therefore, the total
time complexity of the SDGC method is O(N ·(N+E)), which
simplifies to O(N2) in sparse graphs. Compared to some exist-
ing methods with O(N3) complexity, the SDGC method offers
superior computational efficiency, enabling improved perfor-
mance for large-scale networks while maintaining high accu-
racy. Although the complexity of SDGC exceeds that of meth-
ods like DC and K-shell, which rely solely on a single topo-
logical structure, its node identification performance surpasses
these methods. This is because SDGC integrates local, global,
and semi-local topological structures, trading off some time
complexity to achieve greater accuracy.

3. Experiments
To validate the effectiveness of the SDGC method, we se-

lected nine real-world network datasets and conducted a com-
parative analysis with nine state-of-the-art and classical cen-
trality identification methods across five experiments.

3.1. Experimental setup
3.1.1. Parameter settings

In this study, the parameter α in Eq. (1) is set to 4.2 to
regulate the influence of neighbor nodes’ closeness centrality
on node mass and to control the interaction weight between
local communities and other communities. The parameter β

is set to 0.1 to adjust the impact of K-shell values on node
mass, emphasizing the importance of the network’s core hier-
archy in information dissemination and mitigating the issue of
insufficient differentiation in K-shell values. The parameter γ

in Eq. (2) is set to 0.56 to control the nonlinear effect of path
counts on interaction distances. The parameter σ in Eq. (3)
is set to 0.32 to modulate the influence of the attraction co-
efficient on the force between nodes. These parameter values
were determined through systematic experimental tuning and
validated multiple times to ensure optimal performance across
various network datasets.

3.1.2. Datasets

This study selected nine real-world network datasets from
diverse sources and with varied characteristics, covering do-
mains such as social, collaboration, transportation, and com-
munication networks. These datasets not only represent a va-
riety of network contexts but also encompass different topo-
logical properties, enabling a comprehensive evaluation of

the proposed method’s applicability and robustness. Specif-
ically, Jazz reflects collaboration relationships among jazz
musicians;[49] Haggle describes a human contact network in-
volving individuals carrying wireless devices;[50] USAir rep-
resents the transportation network of domestic airlines and air-
ports in the United States;[51] Infectious records visitor in-
teraction data during a gallery exhibition, capturing face-to-
face social behaviors;[52] Email documents the email commu-
nication network among members of the Universitat Rovira
i Virgili in Catalonia;[53] Blogs captures hyperlink relation-
ships among blog webpages during the 2004 US presiden-
tial election;[54] Hamsterster describes friendships and fam-
ily ties within a virtual community;[55] Facebook represents a
social network composed of anonymized user circles on the
Facebook platform;[56] and GrQc documents collaborations
among scientists in the fields of general relativity and quan-
tum cosmology.[57] These datasets range from small-scale net-
works with tens of nodes and hundreds of edges to large-scale
networks with thousands of nodes and tens of thousands of
edges, exhibiting varying density and connectivity.

Furthermore, Table 1 summarizes the basic topological
properties of each network, including the number of nodes
(N), the number of edges (E), the average degree (〈k〉), the av-
erage shortest path length (〈d〉), and the clustering coefficient
(C).

Table 1. Statistical characteristics of nine real-world networks.

Network N E 〈k〉 〈d〉 C

Jazz 198 2742 27.6970 2.2350 0.6175
Haggle 274 28244 206.1610 2.4153 0.5664
USAir 332 2126 12.8072 2.7381 0.6252

Infectious 410 17298 84.3805 3.5679 0.4357
Email 1133 5451 9.6222 3.6060 0.1101
Blogs 1224 19025 31.0866 2.7222 0.2260

Hamsterster 2426 16631 13.7106 3.6685 0.2314
Facebook 4039 88234 43.6910 3.6925 0.6170

GrQc 4158 13422 6.4560 6.0494 0.6648

3.1.3. Comparison methods

To verify the advantages of the SDGC method, we com-
pared it with nine classical and state-of-the-art methods, in-
cluding four classical methods (DC, BC, CC, and K-shell) and
five state-of-the-art methods (GC, EGM, LGC, AOGC, and
FGM). Detailed descriptions of these methods are provided
below.

(i) DC:[17] Degree centrality (DC) measures a node’s im-
portance in the network based on its degree (i.e., the number
of edges connected to the node). A higher DC value indicates
greater node influence.

(ii) BC:[18] Betweenness centrality (BC) quantifies a
node’s importance as an intermediary in information transmis-
sion within the network. Specifically, the BC value reflects the
node’s role as a “bridge” in the shortest paths between other
nodes, indicating its significance in connecting other nodes. A
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higher BC value signifies a more prominent role in facilitating
information flow.

(iii) CC:[19] Closeness centrality (CC) measures a node’s
average distance to all other nodes in the network, which is
expressed as the reciprocal of the sum of the shortest path dis-
tances from node i to all other nodes. A higher CC value in-
dicates stronger connectivity and greater information propaga-
tion capability.

(iv) K-shell:[22] K-shell centrality measures a node’s
proximity to the network’s core. Nodes closer to the core have
higher K-shell values, implying greater influence within the
network.

(v) GC:[58] Gravity centrality (GC), inspired by the law
of gravitation, assumes that a node’s influence is related to
its degree and its distance to other nodes. In this model, a
node’s degree is treated as its “mass”, and the shortest path
distance between nodes represents their “distance”. A trunca-
tion radius, typically set to 0.5 · 〈d〉, where 〈d〉 is the network’s
average shortest path length, is used to address noise and com-
putational overhead.

(vi) EGM:[59] Proposed by Li et al., the extended gravity
model (EGM) assumes that each node has a distinct influence
radius. The influence radius of node i is determined by its
path to the farthest node j, calculated under the assumption of
equal influence from a virtual node s. The radius accounts for
the shortest paths and the equal-influence hypothesis, while
node i’s value is represented by its degree and the sum of the
degrees of its local neighbors. This method integrates the law
of gravitation, combining the influence radius and node value
to assess node importance.

(vii) LGC:[41] Laplacian gravity centrality (LGC) evalu-
ates a node’s influence by considering the degrees of the node
and its neighbors, using Laplacian gravity pairs to quantify its
propagation capability in the network. By combining Lapla-
cian centrality with a gravity model, LGC provides a more
accurate assessment of node importance, particularly in social
networks and propagation models.

(viii) AOGC:[39] The adaptive optimal gravity centrality
(AOGC), proposed by Yang et al., comprehensively evaluates
node interactions by integrating an adaptive truncation radius
and all-path distances. This method employs neighborhood
structure centrality (NSC) and dynamic quasi-local similarity
(DQS) to measure node importance and adaptively determines
the truncation radius to balance computational efficiency and
accuracy. A node’s influence is represented by the sum of in-
teraction forces with neighboring nodes within the truncation
radius, reducing computational complexity.

(ix) FGM:[40] The fusion gravity model (FGM), proposed
by Guo et al., combines a node’s degree and K-shell value to
measure its “mass” and introduces the network’s normalized
maximum eigenvector value as a node weight to better reflect

global influence. Node importance is evaluated by integrat-
ing degree and K-shell values, considering the shortest path
lengths to other nodes, and setting a truncation radius based on
the network’s average shortest path length to optimize compu-
tational efficiency.

3.1.4. Propagation model

Information propagation capability is a key factor in mea-
suring node importance. Due to its simplicity and wide appli-
cability, the susceptible–infected (SI) model is a classic choice
for evaluating node propagation capability.[60] Therefore, the
experimental section of this paper adopts the SI model to as-
sess the information propagation capability of nodes. In the
SI model, nodes in the network are divided into two states:
susceptible and infected. Susceptible nodes can be converted
into the infected state by infected nodes, and this conversion
is irreversible. During the propagation process, infected nodes
influence their neighboring susceptible nodes with a propaga-
tion probability of β . At each time step t, an infected node has
a probability β of converting its susceptible neighbors into in-
fected nodes. The propagation dynamics are characterized by
recording the number of infected nodes F(t) at time step t. If
the initial infected node has strong propagation capability, the
spread will be broader, and the number of infected nodes F(t)
will increase accordingly.

3.2. Experimental results
3.2.1. Correlation experiments

This experiment aims to analyze the correlation between
the SDGC method and other centrality measurement methods,
and to validate the advantages of SDGC in identifying impor-
tant nodes in complex networks. We conducted correlation
analysis on nodes in the Email network to evaluate the rela-
tionships between SDGC and six comparative methods (two
classical baseline methods and four advanced methods).

We used the SI model to assess node propagation capabil-
ities in the experiment. The infection probability β was set to
0.1, the propagation time was set to t = 10, and each network
was tested 100 times to obtain average results. The infection
capability of each node was quantified by the number of in-
fected neighboring nodes and visualized through color coding,
with lighter colors indicating higher infection capability. The
results are presented as scatter plots, where each point rep-
resents a node, and the coordinates correspond to the SDGC
and other centrality scores. Analysis of the scatter plots re-
veals the correlations between methods. As shown in Fig. 2,
most points are concentrated near the main diagonal, indi-
cating that SDGC is strongly correlated with the other meth-
ods. The high-centrality nodes identified by SDGC exhibit
significant influence. Overall, SDGC demonstrates a strong
positive correlation with most centrality methods, confirming
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its effectiveness in capturing node influence and propagation
capability. Additionally, SDGC outperforms other methods
in differentiating nodes, avoiding overly concentrated or re-
dundant centrality scores and more accurately distinguishing

nodes with similar propagation capabilities, thus further val-
idating its superiority. It is worth noting that other networks
also have similar results, but due to space limitations, they are
not presented.
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Fig. 2. Correlation analysis between SDGC method and five existing methods in Email network.
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Fig. 3. The infection ability of the top 5% nodes selected by ten methods in nine networks.
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3.2.2. Comparison of node infection ability

To evaluate the effectiveness of various methods in iden-
tifying key nodes, we employ the SI model to compare the
infection capabilities of nodes. The SI model simulates in-
formation propagation and reflects the impact of the initially
infected node’s infection capability on the network.

In this experiment, we select the top 5% ranked nodes
from each method as initial infected nodes, with the remain-
ing nodes designated as susceptible. Choosing a proportion
rather than a fixed number of initial infected nodes effectively
accommodates variations in network scale, preventing exper-
imental results from being skewed by network size. During
the experiment, initial infected nodes infect adjacent suscep-
tible nodes with a propagation probability β = 0.1 over time
t. The number of infected nodes, F(t), is used to measure the
infection capability of the initial infected nodes. To ensure
the stability and objectivity of the results, each experiment is
repeated 100 times, and the average is taken as the final re-
sult. Node sets with stronger infection capability exhibit faster
growth in the number of infected nodes F(t) during propaga-
tion, ultimately achieving a larger infection scale. The experi-
mental results are presented in Fig. 3.

Figure 3 compares the infection capability of the top 5%

node sets selected by different methods in the Haggle, Blogs,
and Hamsterster networks. The results show small differences,
but SDGC significantly outperforms others during both the ini-
tial rising phase and the final stable phase of the curve, con-
sistently ranking first. In the Email network, SDGC exhibits
an advantage in the early propagation stage but slightly un-
derperforms the BC method after stabilization. In the Jazz,
USAir, and Infectious networks, SDGC performs compara-
bly to other methods initially, but as propagation progresses,
it demonstrates stronger infection effects near the end. In the
Facebook network, SDGC maintains superior infection capa-
bility throughout the entire propagation process compared to
other methods. In the GrQc network, SDGC’s infection ca-
pability is lower than that of the BC method during the early
propagation stage (0< t < 7), but it surpasses most other meth-
ods after stabilization. Overall, SDGC exhibits excellent per-
formance in infection capability experiments across networks
of varying scales and topological structures, validating its ad-
vantages over other methods.

3.2.3. Network efficiency variation

Network efficiency is a core metric for measuring net-
work connectivity, used to evaluate network robustness and
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Fig. 4. The network efficiency decline rate of nine networks varies with the number of removed nodes.

088902-10



Chin. Phys. B 34, 088902 (2025)

stability against attacks.[61] Stronger network connectivity
corresponds to higher efficiency values, and the magnitude
of efficiency decline upon node removal directly reflects node
importance and network vulnerability. The network efficiency
E(G) is defined as follows:

E(G) =
1

N(N−1) ∑
i6= j

1
di j

, (6)

where N is the total number of nodes in the network, and di j is
the shortest path length between nodes i and j.

This experiment evaluates the changes in network effi-
ciency after removing high-influence nodes selected based on
different centrality methods, comparing the accuracy of these
methods in ranking node importance. Nodes ranked higher
are critical for maintaining network connectivity, and their re-
moval leads to significant declines in network efficiency. Fur-
thermore, to account for differences in network scale and edge
density (some networks are small and dense, while others are
large but sparse), the number of removed nodes is dynamically
adjusted based on the network scale to ensure fairness and clar-
ity in comparisons. The experimental results are presented as
curves showing the rate of network efficiency decline with re-
spect to the number of removed nodes, as shown in Fig. 4.

Figure 4 illustrates that in the Infectious, Hamsterster, and
GrQc networks, the SDGC method performs comparably to
the BC method, both outperforming other methods, with the
removal of key nodes identified by SDGC causing particularly
significant disruption to network connectivity. In the Email
and Blogs networks, SDGC initially performs similarly to the
BC method but gradually demonstrates a clear advantage in
later stages, surpassing other methods. In the Jazz, Haggle,
and USAir networks, SDGC and BC methods exhibit simi-
lar performance, consistently ranking among the top two. In
the Facebook network, while SDGC’s advantage is less pro-
nounced compared to other networks, it still maintains a sta-
ble position among the top three. Overall, SDGC outperforms
other methods in efficiency experiments across various net-
works, with the removal of its identified key nodes signifi-
cantly reducing network connectivity and severely impacting
network efficiency, thereby fully demonstrating its superiority
in key node identification.

3.2.4. Network robustness

Network robustness is a critical metric for evaluating a
network’s ability to maintain functionality under attacks or
failures. This experiment aims to verify the effectiveness of
the SDGC method by analyzing the extent of structural dam-
age caused by the progressive removal of key nodes identified
by different methods. We adopt the largest connected com-
ponent (LCC) as the primary indicator of network robustness.
The LCC is the connected subgraph with the most nodes in the

network, and its size reflects the network’s ability to remain
connected and functional after node removal. In the experi-
ment, nodes are removed based on their importance rankings
derived from various centrality methods, specifically targeting
the top 10% to 30% of nodes, and the changes in LCC are
observed. The results show that as key nodes are removed,
the LCC gradually decreases, indicating damage to the net-
work structure. A larger reduction in LCC signifies a more
significant disruption to connectivity caused by the removed
nodes, thereby reflecting the accuracy of the centrality method
in identifying important nodes.

The experimental results are shown in Fig. 5. In the Jazz,
Infectious, and Email networks, regardless of the method used
to remove important nodes, the trend of changes in the largest
connected component (LCC) is similar when the removal ratio
is the same. This indicates that most nodes in these networks
are concentrated in a single connected component, with uni-
form edge distribution, a lack of local high-density regions,
and high average degree, resulting in strong node connectiv-
ity. Consequently, these networks maintain basic connectiv-
ity even after the removal of some key nodes. However, the
nodes identified by the SDGC method cause the most signif-
icant damage to network robustness. In the Blogs network,
the SDGC method performs particularly well, with the LCC
decreasing significantly regardless of the removal ratio. This
is attributed to the low clustering coefficient and weak local
connectivity of the Blogs network, where key nodes between
communities play a critical role. The SDGC method accu-
rately identifies these nodes, leading to rapid network disinte-
gration. In the Haggle and USAir networks, the LCC drops
sharply when 20% of nodes are removed, with subsequent
changes slowing down, possibly due to the strong scale-free
properties of these networks, where many nodes rely on a few
highly connected ones. By identifying high-influence nodes,
the SDGC method significantly weakens robustness in these
networks. In the Hamsterster network, the LCC varies sig-
nificantly with different node removal methods, reflecting un-
even edge distribution. Although its clustering coefficient is
low and its local connectivity is moderate, implicit structural
features allow it to maintain some connectivity after partial
node removal. In the Facebook and GrQc networks, the SDGC
method causes substantial LCC reductions across different re-
moval ratios, demonstrating its pronounced impact on the ro-
bustness of large-scale networks. The performance of the
SDGC method across multiple real-world networks demon-
strates its effectiveness in identifying nodes critical to network
connectivity, particularly in networks with weak local con-
nectivity or prominent key nodes, where it outperforms other
centrality methods.These observations collectively underscore
that the variations in LCC decline across different networks
are fundamentally rooted in their distinct structural character-
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istics. Networks with uniformly distributed edges and high
average degrees exhibit strong global connectivity, thereby re-
maining resilient under node removals. In contrast, networks
with scale-free properties or weak local cohesion are more vul-
nerable, as the removal of a few strategically positioned nodes

leads to rapid fragmentation. The consistently strong perfor-
mance of the SDGC method across networks with such diverse
topological profiles further validates its capability to pinpoint
structurally critical nodes, especially in challenging settings
where traditional centrality measures often fall short.
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Fig. 5. The size of LCC in nine networks changes with the ratio of removed nodes.

3.2.5. Monotonicity experiment

To evaluate the ability of node centrality measurement
methods to distinguish nodes, we adopt monotonicity as the
evaluation metric, with its formula given as follows:[62]

M(R) =
(

1− ∑
Φ
r=1 numr× (numr−1)

N× (N−1)

)2

, (7)

where M(R) denotes the monotonicity score of the method for
node ranking, Φ represents the number of distinct ranks in the
node centrality ranking sequence R (i.e., the number of ele-
ments in the sequence), numr indicates the number of nodes
assigned to the r-th rank in the ranking, and N is the total
number of nodes in the network. The value of M(R) ranges

from [0, 1]. When M(R) = 1, each rank corresponds to ex-
actly one node, indicating the strongest distinguishing ability
of the method; when M(R) = 0, all nodes share the same rank,
indicating the weakest distinguishing ability of the method.

Table 2 presents the monotonicity results of ten methods
across nine real-world networks, with the highest monotonic-
ity value for each network highlighted in bold. Compared to
four classical methods, gravity-model-based advanced meth-
ods demonstrate superior monotonicity. Notably, our proposed
SDGC method achieves monotonicity values of at least 0.98
across all networks, attaining the highest monotonicity in five
networks and reaching 0.9999 in the Infectious, Email, and
Facebook networks. Additionally, the FGM method has good
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node distinguishing ability, achieving optimal results in six
networks, though it is slightly outperformed by SDGC in the
Infectious and Hamsterster networks. Overall, SDGC exhibits

exceptional and stable performance across diverse real-world
networks, highlighting its efficacy in providing precise node
rankings for network analysis.

Table 2. Monotonicity of ten methods in nine real-world networks.

Network DC CC BC KS GC EGM LGC AOGC FGM SDGC

Jazz 0.9659 0.9878 0.9885 0.7944 0.9991 0.9995 0.9995 0.9995 0.9997 0.9997
Haggle 0.7255 0.9757 0.1225 0.6861 0.9836 0.9857 0.9887 0.9908 0.9998 0.9869
USAir 0.8586 0.9892 0.6969 0.8114 0.9933 0.9953 0.9933 0.9900 0.9997 0.9963

Infectious 0.9278 0.9967 0.9889 0.8182 0.9990 0.9969 0.9969 0.9999 0.9989 0.9999
Email 0.8874 0.9988 0.9400 0.8088 0.9977 0.9998 0.9999 0.9984 0.9999 0.9999
Blogs 0.9324 0.9980 0.9480 0.9059 0.9991 0.9993 0.9963 0.9999 0.9999 0.9993

Hamsterster 0.8979 0.9851 0.7123 0.8714 0.9843 0.9512 0.9853 0.9857 0.9825 0.9857
Facebook 0.9739 0.9967 0.9855 0.9419 0.9998 0.9998 0.9999 0.9999 0.9999 0.9999

GrQc 0.7916 0.9992 0.4850 0.6925 0.9994 0.9996 0.9994 0.9996 0.9994 0.9994

3.2.6. Ablation study

To rigorously examine the contributions of key compo-
nents within the SDGC framework, we conducted a series of
ablation studies in which each of the three fundamental ele-
ments — node mass, dynamic interaction distance, and the
attraction coefficient — was independently removed. By com-
paring the performance of these ablated variants with that of
the complete model, we quantitatively assessed the individ-

ual influence of each parameter on the overall effectiveness
of SDGC. Specifically, we formulated the following three ab-
lation configurations: (1) SDGC-wo-Mass (SDGC without
node mass): This variant adopts the classical K-shell index
as a proxy for node mass. (2) SDGC-wo-Distance (SDGC
without dynamic interaction distance): Here, the dynamic in-
teraction distance is replaced with the traditional shortest-path
metric. (3) SDGC-wo-Attraction (SDGC without attraction
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Fig. 6. The infection ability of the top 5% nodes selected by SDGC and three ablation variants in three networks.
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coefficient): In this setting, the attraction coefficient is elim-
inated by fixing the gravitational constant to a unit value (set
to 1 here). We conducted comparative experiments on three
representative network datasets of varying scales: small-scale
(USAir), medium-scale (Blogs), and large-scale (GrQc), us-
ing the SI model to evaluate the infection capacity of selected
node sets. The experimental setup was fully consistent with
that described in Subsection 3.2.2. The results are presented
in Fig. 6.

First, in the SDGC-wo-Mass variant, node mass is solely
determined by the traditional K-shell value. This limitation
is particularly evident in the USAir network, which exhibits
dense local connectivity and prominent hub nodes. Relying
exclusively on the K-shell value results in a decline in overall
propagation efficiency, indicating that our proposed definition
of node mass more accurately identifies functional key nodes.
Second, SDGC-wo-Distance adopts the conventional shortest
path length to measure interaction distance between nodes,
thereby disregarding the significant role of path multiplicity
in the spreading process. This issue is especially pronounced
in large-scale sparse networks such as GrQc. The observed
performance degradation of this variant on the GrQc network
further validates the critical importance of dynamic interac-
tion distance in identifying influential nodes. Finally, SDGC-
wo-Attraction treats the attraction coefficient in the gravita-
tional model as a fixed constant, failing to capture variations
in spreading intensity caused by structural hierarchical differ-
ences among nodes. In networks with pronounced hierarchical
structures, such as Blogs, this variant is unable to accurately
identify key nodes, resulting in a reduced spreading capacity
of the selected node sets. In summary, these three core mech-
anisms exhibit distinct yet complementary functions across
networks with diverse structural characteristics. The node
mass definition enhances the identification of nodes with high
spreading potential; dynamic interaction distance improves the
fidelity of path modeling; and the attraction coefficient re-
inforces the representation of hierarchical information diffu-
sion. Collectively, these design elements form the theoretical
and empirical basis for the superior performance of the SDGC
method in complex networks.

4. Conclusion
Identifying influential nodes in networks is crucial for

both theoretical insights and practical applications. This study
introduces the six-degree gravity centrality (SDGC) method,
inspired by Newton’s law of universal gravitation, to quan-
tify internode interactions. SDGC integrates global, local,
and semi-local node information, defining influence through
a node’s “mass” and “distance”. Node mass encapsulates lo-
cal neighborhood structures and global significance, reflect-
ing a node’s role within its community and the broader net-

work. Unlike conventional shortest-path distance metrics,
SDGC leverages the six-degree separation theory to capture
latent connections, analyzing path distributions within six-
degree neighborhoods for a more accurate assessment of inter-
action forces. Additionally, SDGC incorporates a gravitational
constant adjusted by differences in node K-shell values, ac-
counting for interaction dynamics across network hierarchies.

Compared to traditional centrality measures, which often
overemphasize local or global information, SDGC offers a bal-
anced approach, enabling precise quantification of influence.
Comparative experiments on nine real-world network datasets,
benchmarked against nine classical and state-of-the-art meth-
ods, demonstrate SDGC’s superior performance in identifying
highly influential nodes, particularly in social networks, where
it shows strong discriminative power. The results also confirm
SDGC’s robustness and applicability across diverse network
conditions, including large-scale complex networks.

Future work will focus on optimizing SDGC’s compu-
tational efficiency for large-scale networks while maintain-
ing accuracy. Additionally, integrating SDGC with existing
centrality methods to refine node selection strategies will be
explored. Extending SDGC’s applicability to multilayer net-
works will also be investigated to broaden its scope.

Program availability
The source code is openly available in the Science

Data Bank at https://doi.org/10.57760/sciencedb.27503 and on
Github at https://github.com/nok42/SDGC-.git.
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