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The influence maximization problem in complex networks asks to identify a given size of seed spreaders set to
maximize the number of expected influenced nodes at the end of the spreading process. This problem finds many practical
applications in numerous areas such as information dissemination, epidemic immunity, and viral marketing. However,
most existing influence maximization algorithms are limited by the “rich-club” phenomenon and are thus unable to avoid
the influence overlap of seed spreaders. This work proposes a novel adaptive algorithm based on a new gravity centrality
and a recursive ranking strategy, named AIGCrank, to identify a set of influential seeds. Specifically, the gravity centrality
jointly employs the neighborhood, network location and topological structure information of nodes to evaluate each node’s
potential of being selected as a seed. We also present a recursive ranking strategy for identifying seed nodes one-by-
one. Experimental results show that our algorithm competes very favorably with the state-of-the-art algorithms in terms of
influence propagation and coverage redundancy of the seed set.
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1. Introduction
The study of influence maximization (IM) in complex

networks has become a hot and fundamental issue in the infor-
mation science field. The IM problem comes from marketing,
which attempts to persuade a subset of targeted individuals to
adopt a new product or innovation, in order to spark a sig-
nificant cascade of widespread adoption by other users.[1–4]

Massive real-life applications make it very urgent to identify
a group of influential targeted individuals (called seed nodes),
including the advertising of products, immunization against
epidemics, monitoring of public opinion, and predicting and
intervening in the online spread of major emergencies.[5–9]

The research of the IM issue can help people to better un-
derstand and accelerate the dissemination of innovations, as
well as analyzing, predicting, and controlling the spread of
diseases, rumors, and computer viruses.[10–14]

Existing research and solutions for solving the IM prob-
lem can be divided into three families: greedy, heuris-
tic and topology-based algorithms.[15] In greedy algorithms,
Kempe et al.[16] transformed the influence maximization into
an optimization problem, and has proved that the IM problem
is NP-hard in the linear threshold model and independent cas-
cade model. They presented a greedy algorithm with 1–1/e
accuracy guarantee based on a hill-climbing search strategy.
Leskovec et al.[17] developed the CELF (cost-effective lazy-
forward) greedy algorithm, which avoids redundant computa-
tions by utilizing the sub-modularity property. Subsequently,

Goyal et al.[18] presented CELF++ to extend CELF by consid-
ering the highest prior of the marginal gains of the nodes. This
algorithm achieves higher computational efficiency through
better pruning. Chen et al.[19] proposed the NewGreedy al-
gorithm, which propagates influence on a smaller subgraph
generated by removing some edges with a certain probabil-
ity. Greedy algorithms rely on time-consuming Monte Carlo
simulations to guarantee the performance of solutions, which
limits their application to large-scale social graphs. As a re-
sult, despite outperforming other kinds of algorithms in terms
of accuracy, greedy algorithms have gradually faded out of the
attention of researchers due to their limited utility.

In the past decade or so, many researchers have turned
their attention to heuristic algorithms. Jung et al.[20] devised a
heuristic algorithm to select influential seed spreaders, which
takes into account the characteristics of influence estimation
and ranking. Sankar et al.[21] developed a bio-inspired algo-
rithm to select a set of initial seeds, which is significant for
rapid convergence towards a suboptimal solution. Weskida et
al.[22] proposed an evolutionary algorithm to identify a set of
influential spreaders in social networks. By viewing the IM
problem as a genetic algorithm challenge, this algorithm out-
performs some classical greedy algorithms in terms of quality
and efficiency in the linear threshold model. Bao et al.[23] pre-
sented a heuristic clustering algorithm (HC) to solve the IM
problem, which classifies nodes into different clusters accord-
ing to the similarity between nodes, and the initial cluster cen-
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ters are selected randomly. Yang et al.[24] designed a heuristic
iterative clustering algorithm to identify the seed spreaders in
complex networks, and they selected the initial cluster cen-
ters by a hill-climbing search strategy. Sheikhahmadi et al.[25]

presented a multi-objective artificial bee colony algorithm to
solve the IM problem from two aspects of node influence and
budget constraint.

Although the heuristic algorithms with low computa-
tional complexity can be applied to real-world networks of
increasing scale, their accuracy is unstable. Therefore, in
the light of the characteristics of the network topology, many
scholars try to exploit topology-based algorithms to solve
this problem. The well-known algorithms are to select top-
ranked nodes based on the local or global topological struc-
ture, such as degree centrality (DC[26]), betweenness centrality
(BC[27]), closeness centrality (CC[28]), k-shell decomposition
centrality[29] and H-index centrality.[30] Among them, DC is
a basic index to determine the influence of nodes by counting
the number of the neighbor nodes, but the accuracy is finite.
BC and CC are related to the shortest path between each pair
of nodes, which have considerable computational complexity
and are not applicable to large-scale networks. The k-shell de-
termines the cores of a network by the onion-peeling method,
and H-index evaluates the influence of nodes by comparing the
topological structure of nodes and their neighbors. However,
choosing the top-ranked nodes as multiple initial spreaders is
not an optimal strategy due to the “rich club” phenomenon
(nodes with great individual influence tend to connect with
each other). Chen et al.[31] developed the DegreeDiscount
algorithm to select the multiple seed spreaders in complex
networks. In each round, the node with the greatest degree
is selected as a seed, and its neighbor’s degree score is dis-
counted. Zhang et al.[32] presented the VoteRank algorithm
to recursively identify the set of decentralized spreaders. All
non-seed nodes can vote for their neighbors in each round.
The node with the largest voting score is selected as a seed,
and its neighbors’ voting power will be reduced in the follow-
ing round of voting. Chen et al.[33] proposed the ClusterRank
algorithm, which comprehensively takes into account the in-
fluence and clustering coefficient of neighbor nodes. Jiang et
al.[34] developed an efficient algorithm called HGD to find the
influential seeds by iteratively searching for dense groups. Ul-
lah et al.[35] developed the local-and-global-centrality (LGC)
to identify the most valuable nodes by taking into account both
local and global topological properties. Gupta et al.[36] de-
signed the relative local–global importance algorithm named
RLGI, which considers both node ranking scores and node lo-
cation to prevent important nodes from clustering.

The topology-based algorithms aim at mining network
topological features without extensive Monte Carlo simula-
tions, and thus has a tremendous advantage over the diffusion-

based algorithms in terms of efficiency. However, they fre-
quently trigger the “rich club” phenomenon, which causes sig-
nificant influence overlap among the chosen nodes. If only the
extremely influential users are chosen as seeds, the stable cov-
erage of influence spread will be unacceptable. As a result,
one ideal situation for multiple spreaders is for the spreaders
to be both influential and dispersed across networks.

Motivated by the aforementioned observations, this work
proposes a novel adaptive influence maximization algorithm
based on a new gravity centrality and a recursive ranking strat-
egy, named the AIGCrank. In this paper, we use gravity law to
assess node influence. Gravity law is a basic physical rule to
calculate the interaction between two objects. The interaction
between two objects is proportional to their masses and in-
versely proportional to the square of their distance. When we
choose the top-ranked nodes as multiple initial seeds, the seed
set usually experiences the “rich club” phenomenon, result-
ing in significant influence overlap among the chosen nodes.
This phenomenon is a fundamental challenge for solving the
influence maximization problem. As a result, one ideal situ-
ation is for the spreaders to be both influential and dispersed
across networks. In light of this, we propose a recursive rank-
ing strategy for selecting seed nodes. We endeavor to make the
selected seed spreaders as important and dispersed as possi-
ble, so as to reduce the influence coverage redundancy among
seeds. First of all, we define a gravity centrality index to
evaluate the influence of nodes. Specifically, we character-
ize the mass of nodes comprehensively from three information
dimensions: neighborhood, network location and topological
structure. According to the average shortest path length of
a given network, the neighborhood range in the gravity cen-
trality is determined dynamically, which is conducive to im-
proving the accuracy of node influence evaluation. After that,
to avoid the “rich-club” phenomenon and minimize the influ-
ence coverage redundancy among seed spreaders, we propose
a recursive ranking strategy to enhance the dispersion of seed
spreaders. The main contributions of this work are summa-
rized as follows.

(i) The proposed gravity centrality index accurately por-
trays the mass of nodes by comprehensively considering their
multiple properties, including neighborhood, network location
and topological structure.

(ii) The proposed gravity centrality index can be adjusted
adaptively to the optimal mode according to the topological
features of the network, which makes the final centrality score
of each node more realistic.

(iii) The AIGCrank algorithm proposed in this paper se-
lects seed spreaders one by one through the idea of recursive
ranking, so as to achieve that each seed is significant and the
location of the seed set is dispersed.

(iv) Experiments on several real-world datasets show that
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our algorithm outperforms many other state-of-the-art algo-
rithms on the coverage and speed of influence propagation.
What is more, the AIGCrank algorithm is also significantly
superior to the greedy and heuristic algorithms on computa-
tional complexity.

The rest of the paper is organized as follows. Section 2
presents some preliminaries on this work. Section 3 intro-
duces the proposed AIGCrank algorithm. Section 4 shows the
experimental setup, including the data sets, spreading model,
and evaluation metrics. Experiment results and discussions are
shown in Section 5, followed by concluding remarks in Sec-
tion 6.

2. Preliminaries
Given an unweighted and undirected network G = (V,E)

with vertex set V and edge set E (|V | = n and |E| = m). The
adjacency matrix of G is denoted by A = (ai j)n×n in which
ai j = 1 if nodes vi and v j are adjacent, and ai j = 0 otherwise,
i, j = 1,2, . . . ,n. ki is the number of linked neighbors of node
vi in G, that is, ki = ∑v j∈V ai j. In other words, ki is the degree
of node vi. The normalized degree DC(vi) of node vi is defined
as DC(vi) = ki/(n−1).[37]

The clustering coefficient reflects the tightness of the con-
nectivity between the neighbors of a node, and can be used to
express the probability that any two neighbors of a node are
connected to each other.[33] The clustering coefficient C(vi) of
vi can be expressed as follows:

C(vi) =
E(vi)

ki(ki−1)/2
=

2E(vi)

ki(ki−1)
, (1)

where E(vi) is the total number of linked edges between all
neighbors of node vi. If vi has no neighbors or only has one
adjacent neighbor, then we set C(vi) = 0.

H-index, which is a measure of a scholar’s research level,
can be used to represent the influence of a scholar in his or her
field. In 2016, Lü et al.[30] extended the H-index concept to
quantify how important a node is to its network. The H-index
of a node is defined to be the maximum value H such that at
least H neighbors of degree no less than H exists. Here, the
degree of a node denotes the number of its linked neighbors.
The H-index centrality considers the two-layer neighborhood
topological structure of nodes, and its mathematical formula
can be expressed as follows:

H(vi) =ℋ(kvi
1
,kvi

2
,kvi

3
, . . . ,kvi

ki
), (2)

where {vi
1,v

i
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i
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i
ki
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vi, and {kvi
1
,kvi

2
,kvi

3
, . . . ,kvi

ki
} are the degree of its neighbors

respectively. ℋ is used to return the maximum integer H of
the function, which means that node vi has at least H neigh-
bours with a degree no less than H.

With the development of network science, scholars have
found that the location of a node in the network has a
greater impact on its influence than the number of neighbor
nodes.[29,38] Kitsak et al.[29] proposed k-shell decomposition
to determine the relative location of nodes in the network.
Given an undirected simple network G, initially, the ks of ev-
ery isolated node (i.e., k = 0) is defined as ks = 0 and these
nodes are removed before the k-shell decomposition. The spe-
cific process of k-shell decomposition is as follows: (i) Re-
move all nodes with k = 1 (the degree centrality is equal to
1) and their edges, and repeat this operation until there are no
nodes with k = 1 in the network. The removed nodes and their
edges together form the 1st-shell (ks = 1) of the network. (ii)
Next, the degree of nodes in the new network is at least 2.
Remove all nodes with k = 2 and their edges, and repeat this
operation until there are no nodes with k = 2 in the network.
The nodes removed in this step and their edges together form
the 2nd-shell (ks= 2) of the network. (iii) Continuing this pro-
cess, the k-shell values of remaining nodes can be derived in
the given network.

The k-shell is so coarse that many nodes are given with
the identical value. In scale-free networks, due to the degree
of most nodes being small, their k-shell has poor distinguish-
ing ability. In view of the problem, Bae et al.[39] proposed
the neighborhood coreness centrality. The basic assumption of
this centrality index is that if the neighbors of a node are closer
to the core of the network, the greater the spreading capability
of the node has. The calculation formula of the neighborhood
coreness centrality is as follows:

NC(vi) = ∑
v j∈Γ1(vi)

ks(v j), (3)

where Γ1(vi) represents the 1-layer neighborhood of node vi,
and ks(v j) denotes the k-shell of node v j.

Inspired by Newton’s gravity law, several gravity central-
ity indexes have been presented to evaluate the influence of
nodes in complex networks, which consider both the topolog-
ical structure of a node and the relationship between the node
and its neighborhood.[40,41] Ma et al.[40] proposed a gravity
centrality by viewing the k-shell value of a node as its mass
and the shortest path length between two nodes as their dis-
tance. The mathematical formula of this gravity centrality is
as follows:

G(vi) = ∑
v j∈Γr(vi)

ks(vi) · ks(v j)

d2
i j

, (4)

where Γr(vi) represents the r-layer neighborhood of node vi,
and di j represents the distance between nodes vi and v j. For
simplicity, r is set to 3 in Ref. [40].
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3. A novel adaptive influence maximization al-
gorithm
When selecting a group of seed nodes in a complex net-

work, it is crucial to take into account the seed nodes’ influ-
ence as well as the coverage redundancy between them. Seed
nodes should be influential nodes with high centrality scores.
However, influential nodes may cluster together emerging the
“rich-club” phenomenon, resulting in significant coverage re-
dundancy in the information spreading process. How to iden-
tify a set of seed nodes in complex networks is a challenging
topic. Both VoteRank and DegreeDiscount algorithms largely
mitigate the “rich club” phenomenon.[31,32] They consider the
effect of newly elected seeds on their neighbors, i.e., reducing
the potential of neighbors being seeds. VoteRank considers
the impact of a node’s neighbors on its influence through a
self-defined voting rule. However, they have accuracy limits
due to the simplicity of the information being considered.

Inspired by the above two algorithms, we propose a novel
adaptive influence maximization algorithm to identify a seed
spreader set with excellent collective influence in complex net-
works, which consists of two phases. Firstly, we construct a
new gravity centrality index to better evaluate the influence of
nodes. Here, the mass of nodes integrates multiple node prop-
erties with low time complexity, including the neighborhood,
location and topology information of nodes. In addition, we
dynamically determine the neighborhood range in the index
according to the average shortest path length of the network.
Secondly, we propose a recursive ranking strategy to select
a group of seeds from influential nodes. The node with the
largest gravity centrality score is selected as a seed. Then,
the score of the newly elected seed’s neighborhood nodes will
reduce outward, layer by layer, and the reduction ratio is de-
termined according to the distance between the seed node and
its neighborhood nodes. The reduction ratio decreases with
increasing distance from the seed node. The affected neigh-
borhood range is dynamically determined according to the av-
erage shortest path length of the network.

3.1. A new gravity centrality

Most existing gravity centrality indices consider node
mass (associated with node importance) in a very simplistic
manner, and do not investigate a node’s surrounding environ-
ment at a deeper level (e.g., network location, neighbors’ in-
fluence, higher-order neighbors, and so on), and thus are in-
accurate in many cases.[40,41] Furthermore, they usually set
the neighborhood range in gravity centrality to a fixed value,
which is not suitable for various networks.[42,43] If the neigh-
borhood range is too large, the computational complexity is
high, but the opposite may lead to poor performance. There-
fore, characterizing the mass of nodes and determining the
neighborhood range is still an open issue.[40–43]

In this paper, a novel gravity centrality index is proposed
to evaluate the influence of nodes, which requires two param-
eters: node mass and neighborhood range. To overcome the
limitations of a single index in characterizing node mass, such
as the degree only considering the most local information of
nodes, H-index ignoring low-influence neighbors, and k-shell
being highly coarse-grained, we evaluate node mass from mul-
tiple information dimensions. In general, there are three cat-
egories of node attributes in complex networks, namely, local
attribute, global attribute and network location. Global cen-
trality indices such as betweenness centrality (BC), closeness
centrality (CC), eccentricity (ECC), Katz centrality (Katz),
and others consider the rich global network information and
thus usually perform well. However, the computational com-
plexity of global centrality indices is typically very high. ECC
and Katz have a computational complexity of O(n3). BC and
CC have a computational complexity of O(n×m+n2× lgn).
Note that any highly accurate index will become meaningless
if the consuming time is unacceptable.

As a result, we select the location and local attributes to
characterize node mass. Specifically, we express node local
attributes using both neighborhood (H-index) and topological
structure (clustering coefficient) information, and node loca-
tion attribute using neighborhood coreness centrality.

In comparison to DC centrality, the H-index takes into ac-
count not just the number of neighbors but also their quality,
which can represent the neighborhood characteristic of nodes
more reasonable. Since the poor distinguishing ability of k-
shell centrality, neighborhood coreness is a better index to de-
scribe the network location of nodes compared to the k-shell.
The clustering coefficient is a significant topological prop-
erty that affects the spreading ability of nodes. The tightness
of a node’s neighbors is usually inversely proportional to its
spreading ability. If the linkages between neighbors are dense,
information will spread among them repeatedly, weakening
the node’s potential to propagate. Therefore, in this work, we
argue that the clustering coefficient of nodes is negative to the
spreading ability of nodes.

The mass M(vi) of node vi is defined as follows:

M(vi) =
H(vi) ·NC(vi)

1+C(vi)
, (5)

where H(vi), NC(vi), and C(vi) are the H-index centrality,
neighborhood coreness centrality and clustering coefficient of
node vi, respectively.

It is well known that the greater the influence of neigh-
bors, the more influential the node itself is.[44] Therefore, we
develop an extended version M+(vi) to calculate the mass of
node vi. The M+(vi) considers all neighbors of node vi, and is
defined as follows:

M+(vi) = ∑
v j∈Γ1(vi)

M(v j), (6)
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where Γ1(vi) is the nearest neighborhood set of node vi.
The new gravity centrality AGC(vi) of node vi is defined

as follows:

AGC(vi) = ∑
v j∈Γr(vi)

M+(vi) ·M+(v j)

d2
i j

, (7)

where M+(vi) and M+(v j) are the mass of node vi and node
v j respectively, and di j is the length of the shortest path from
node vi to v j. Γr(vi) is the r-layer neighborhood set of node
vi. The neighborhood range is another factor that affects the
performance of the gravity centrality indices.[42,43] If r is too
large, the computational complexity of the AGC will increase
exponentially, which is not applicable in large-scale networks.
If r is too small, only considering the information of a few
neighborhood cannot fully consider the topological structure
of nodes, which is not conducive to determining the real
spreading capability of nodes. Therefore, to achieve a good
balance between computational complexity and accuracy, this
work defines r in Eq. (8) as follows:

r = ⌈log2⟨d⟩⌉, (8)

where ⟨d⟩ represents the average shortest path length of the
network.

We also present the extended version AGC+(vi) of AGC,
which considers the sum of neighbors’ AGC values of node vi,
and is defined as follows:

AGC+(vi) = ∑
v j∈Γ1(vi)

AGC(v j), (9)

where Γ1(vi) is the 1-layer neighborhood set of node vi.

3.2. AIGCrank: Adaptive influence maximization algo-
rithm

In real-world political elections, people tend to strongly
support their ideal candidate and lessen their support for other
competing candidates. Similarly, once a node has been se-
lected as a seed, the potential of its neighbors being seeds will
be discounted. Inspired by this, we propose a new adaptive in-
fluence maximization algorithm, which comprises the follow-
ing: one to evaluate the influence of nodes using the gravity
centrality index given in this work, and the other to select seed
nodes one by one using a recursive ranking strategy suggested
in this paper. We have elaborated the former in Subsection 3.1,
and will focus on the latter next.

The core idea of the recursive ranking strategy is to select
a group of seeds one by one according to current gravity cen-
trality scores of nodes. In each iteration, the most influential
node with the largest score is selected as seed. Once a node
is added to the seed set, it will no longer participate in subse-
quent operations and its gravity centrality score will also be set
to 0. Moreover, the score of neighborhood nodes of the newly

elected seed will also be reduced gradually. And the reduc-
tion level is related to the distance between the elected seed
and its each neighbor. Similarly, the range of affected neigh-
borhood is determined adaptively according to the network’s
nature, namely the average shortest path of the network, and
its value can be established by using Eq. (8).

The proposed adaptive influence maximization algorithm
is expected effectively to avoid the emergence of “rich-club”
phenomenon and expand the influence coverage of the seed
set. The proposed algorithm can be divided into the follow-
ing two phases, whose complete elaboration is given in Algo-
rithm 1.

Algorithm 1 AIGCrank
Input: A = (ai j)n×n, adjacency matrix of a given network
with n nodes and m edges.
Output: The seed set S = {vs1 ,vs2 , . . . ,vsx}, where x denotes

the scale of S, i.e. x = |S|.
1: /* Initialization */
2: for i = 1 to n do
3: H(vi) = ℋ(kvi

1
,kvi

2
,kvi

3
, . . . ,kvi

ki
) ← according to

Eq. (1)
4: C(vi) = 2E(vi)/(ki× (ki−1))← according to Eq. (2)
5: NC(vi) = ∑v j∈Γ1(vi) ks(v j)← according to Eq. (3)
6: M(vi) = H(vi)×NC(vi)/(1+C(vi))← according to

Eq. (5)
7: for i = 1 to n do
8: M+(vi) = ∑v j∈Γ1(vi) M(v j)← according to Eq. (6)

9: r = ⌈log2⟨d⟩⌉ // The dynamic neighborhood range of net-
works

10: for i = 1 to n do
11: AGC(vi) = ∑v j∈Γr(vi)(M

+(vi) ×M+(v j))/d2
i j ← ac-

cording to Eq. (7)
12: for i = 1 to n do
13: AGC+(vi) = ∑v j∈Γ1(vi) AGC(v j) ← according to

Eq. (9)
14: for i = 1 to x do
15: v*i = argmaxAGC+(vi), vi ∈V
16: select v*i as a seed, i.e. vsi = v*i , and set AGC+(v*i ) = 0
17: AGC+(v j) = (1 − 1

2l )AGC+(v j), v j ∈ Γl(v*i ) ∖
Γl−1(v*i ), l ∈ [1,r]
return The seed set S = {vs1 ,vs2 , . . . ,vsx}

Phase 1: Calculating gravity centrality
The centrality score AGC+ of nodes in the network can be

calculated by the suggested gravity centrality. The AGC+ of a
node is considered as the potential of the node being selected
as the seed.

Phase 2: Recursive ranking
Step 1: All nodes in the network are ranked by centrality

score AGC+ in descending order. The node with the largest
AGC+ is selected as a seed spreader and its centrality score is
set to 0. Then, according to the distance between the newly se-
lected seed and its neighborhood nodes, the AGC+ value of its
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r-layer neighborhood nodes are reduced dynamically. The re-
duction ratio is half in the 1st-layer, one-fifth in the 2nd-layer,
one-eighth in the 3th-layer, and until the rth-layer neighbor-
hood. The value of r can be determined by using Eq. (8).

Step 2: Repeating the process of Step 1 recursively, until
all of the seed spreaders have been selected.

To clearly illustrate the process of the proposed recur-
sive ranking strategy, we take the network in Fig. 1 as an ex-

ample. The initial AGC+ value of nodes are shown in the
left subfigure. Since the average shortest path length of the
example network is 2.7121, we set the neighborhood range
r = ⌈log2 2.7121⌉ = 2 by using Eq. (8). In the first round of
AIGCrank, node 10 with largest score 10.4106 is selected as
the first seed, and the AGC+ value of nodes in its 1st-layer
neighborhood are reduced half, 2nd-layer neighborhood are
reduced one-fourth, as shown in the right subfigure.
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6 12
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Fig. 1. An example network. Panel (a) shows the initial state of the example network. Panel (b) shows the state of adjustment of the example
network after the first round of AIGCrank.

4. Experimental setup
4.1. Data sets

To evaluate the performance of the proposed AIGCrank
algorithm, we conduct the comprehensive experiments in
comparison with the state-of-the-art algorithms on six
real-world networks, including URVemail,[45] Yeast,[46]

Router,[47] CA-GrQc,[48] PairsFSG,[49] and Days.[50] URVe-
mail refers to the network of e-mail interchanges between
members of the Univeristy Rovira i Virgili (URV).[51] Yeast
refers to protein–protein interaction network.[52] Router refers
to a network representation of a portion of the router-level
Internet.[53] CA-GrQc refers to scientific collaborations be-
tween authors papers submitted to general relativity and quan-
tum cosmology (GrQc) category.[54] PairsFSG refers to the
University of South Florida word association, rhyme, and
word fragment norms.[55] Days refers to Reuters terror news
network concerning the September 11 attack on the US.[56]

Table 1. The main statistical properties of six data sets.

Network n m ⟨k⟩ ⟨d⟩ ⟨C⟩ HeC

URVemail 1133 5451 9.6222 3.6060 0.2540 1.9421
Yeast 2361 7182 6.0840 4.3762 0.2710 2.9439

Router 5022 6258 2.4920 6.4488 0.0330 5.5031
CA-GrQc 4158 13425 6.4570 6.0490 0.5296 3.0512
PairsFSG 10617 63784 12.016 4.0120 0.1870 3.1710

Days 13308 148035 11.124 3.1247 0.3860 10.032

Table 1 provides the main characteristics of the statistical
topology of these networks. Column “Network” indicates the

name of the network. For each network, columns “n” and “m”
refer to the number of vertices and edges, respectively. Col-
umn “⟨k⟩” indicates the average degree. Column “⟨d⟩” rep-
resents the mean of all shortest paths. Column “⟨C⟩” is the
mean clustering coefficient, and column “HeC = ⟨k2⟩/⟨k⟩2” is
the heterogeneity coefficient of the degree distribution.[57]

4.2. Reference algorithms

We adopt the following five state-of-the-art baseline algo-
rithms as the reference algorithms in the computational com-
parisons.

(i) HC (2017)[23] A clustering-based heuristic algorithm
named HC to select the central node of each community as the
seed.

(ii) VoteRank (2016)[32] An iterative voting method
named VoteRank to vote for a set of decentralized spreaders
with the best spreading ability.

(iii) HGD (2019)[34] A heuristic group discovery al-
gorithm named HGD to transfer the problem of influential
spreaders selection into a problem to find groups with dense
connections.

(iv) LGC (2021)[35] A local-and-global centrality (LGC)
measuring algorithm to identify the vital nodes through han-
dling local as well as global topological aspects of a network
simultaneously.

(v) RLGI (2021)[36] A topology-based heuristic algo-
rithm to identify the top k influential seed nodes by considering
both the location of nodes in the network and the interaction
effects between nodes.
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4.3. Evaluation metrics

The independent cascade (IC) model is one of the most
classical information propagation models, whose details are
as follows: (i) When t = 0, set the propagation probability α .
Set the nodes in S to be active and the remaining nodes to be
inactive. The number of active nodes is A(0) = |S|. (ii) When
t ̸= 0, each node activated at t−1 has one chance to activate its
inactive neighbors independently with α . A(t) is the number
of active nodes at t. (iii) If there are no newly activated nodes
at t, that is A(t)−A(t−1) = 0, then the propagation ends, and
we mark this time as tc. Otherwise, repeat step (ii).

We employ three metrics to evaluate the performance of
our algorithm.

Propagation influence Given an undirected graph G =

(V,E) with n nodes, the propagation influence F(t) at time t
under IC model can be defined as

F(t) =
A(t)

n
, (10)

where A(t) is the number of active nodes at time t.
Stable propagation influence The stable propagation in-

fluence F(tc) under IC model can be define as

F =
A(tc)

n
, (11)

where A(tc) represents the number of active nodes at time tc,
i.e., the information propagation reaching a stable state.

Mean distance The mean distance between seed nodes
can be used to portray the dispersion of seed nodes.[58] The
more dispersed the seed nodes are, the smaller the redundancy

of their propagation coverage is. The mean distance dmean be-
tween seed nodes can be defined as

dmean =
2

x(x−1) ∑
vi ̸=v j∈S

di j, (12)

where x = |S| is the number of the seed nodes, and di j is the
distance between nodes vi and v j.

5. Results and analysis
To test and verify the performance of the proposed algo-

rithm, we will employ the above three evaluation metrics to
compare AIGCrank with five state-of-the-art algorithms. Five
contrast algorithms include HC,[23] VoteRank,[32] HGD,[34]

LGC,[35] and RLGI.[36] In the following, we conduct four
groups of experiments on six real networks. The former three
concentrate on comparing propagation influence of these six
algorithms under the IC model. The last one focuses on
contrasting influence coverage redundancy of these six algo-
rithms.

5.1. Influence propagation

The number of seed nodes should be different in differ-
ent scale networks. Here we define the seed ratio p (p = x/n)
to describe the scale of seed nodes, where p is the ratio of
the number of seed nodes to the number of all nodes in a net-
work. Moreover, if the propagation probability α is too large,
the propagation can easily extend to the entire network. Due
to the difference in network topology, we conduct the com-
parative experiments with the α value close to the epidemic
threshold αc = ⟨k⟩/⟨k2⟩, i.e., α = q ·αc (q ∈ [0.5,1.5]).

0

0.010

0.020

0.030

0.040

0.050

1 5     

F
↼t
↽

t
1 5     

t
1 5     

t

1 5     
t

1 5     
t

1 5     
t

(a) URVemail

RLGI HGD

HC LGC

VoteRank AIGCrank

RLGI HGD

HC LGC

VoteRank AIGCrank

RLGI HGD

HC LGC

VoteRank AIGCrank

RLGI HGD

HC LGC

VoteRank AIGCrank

RLGI HGD

HC LGC

VoteRank AIGCrank

RLGI HGD

HC LGC

VoteRank AIGCrank

0

0.006

0.012

0.017

0.023

0.029

F
↼t
↽

(b) Yeast

0

0.004

0.009

0.013

0.017

0.021

F
↼t
↽

(c) Router

0

0.008

0.016

0.024

0.032

0.041

F
↼t
↽

(d) CA-GrQc

0

0.007

0.014

0.021

0.029

0.036

F
↼t
↽

(e) PairsFSG

0

0.004

0.008

0.012

0.015

0.019

F
↼t
↽

(f) Days

α=αc α=αc α=αc

α=αc α=αc α=αc

Fig. 2. The propagation influence F(t) (at time t, α =αc and p= 0.002) on six networks ((a) URVemail, (b) Yeast, (c) Router, (d) CA-GrQc, (e) PairsFSG,
and (f) Days) for different algorithms. Note that the experiment runs 100 times independently.
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Fig. 3. The stable propagation influence F (p = 0.002, eleven different propagation probabilities α = q ·αc, q ∈ [0.5,1.5]) on six networks for different
algorithms. Note that the experiment runs 100 times independently.
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Fig. 4. The stable propagation influence F (α = αc, ten different seed ratios p ∈ [0.001,0.0055]) obtained by each compared algorithm on six real-world
networks. Note that the experiment runs 100 times independently.

Figure 2 shows the propagation influence F(t) (at time
t, and p = 0.002 and α = αc) on six networks for different
algorithms. As shown in Fig. 2, although the propagation in-
fluence F(t) of the proposed AIGCrank may not be the best in
the propagation process, it is always the best when the propa-
gation is stable. In Days network, VoteRank compares favor-
ably to other four contrast algorithms. This is because the de-
gree heterogeneity coefficient of Days network is high, which

means that a few nodes have extremely high degree values. As
a result, VoteRank, which emphasizes neighbor nodes voting
contributions, can outperform other four algorithms.

To make the experiments more convincing, we use Figs. 3
and 4 to manifest that the proposed AIGCrank is not sensi-
tive to the parameters (propagation probability α , seed ratio
p). Figure 3 shows the experiment results when α = q ·αc

(q ∈ [0.5,1.5]) in URVemail, Yeast, Router, CA-GrQc, Pairs-
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FSG, and Days. Figure 4 presents the comparative experiment
results when p ∈ [0.001,0.0055] in six real-world networks.

Specifically, figure 3 shows the stable propagation influ-
ence F under eleven different propagation probabilities α in
six networks. Without loss of generality, the source seed ratio
p is set to be 0.002. As shown in Fig. 3, AIGCrank can obtain
larger the stable propagation influence F than other five algo-
rithms under different propagation probabilities. In CA-GrQc
and Days, the performance of AIGCrank is significantly better
than five contrast algorithms. In URVemail, Yeast, Router, and
PairsFSG, AIGCrank has slight advantages over the other five
algorithms. It is worth noting that the performance of the five
compared algorithms is not always constant, but the VoteRank
algorithm performs well most of the time, which reflects, to
some extent, the feasibility of recursive selecting idea.

Moreover, figure 4 presents the stable propagation influ-
ence F under ten different source seed ratios p in six real net-
works, where propagation probability α = αc. As shown in
Fig. 4, AIGCrank can achieve larger stable propagation influ-
ence F than those of state-of-the-art algorithms under different
seed ratios. AIGCrank algorithm achieves a significant com-
parative advantage in the CA-GrQc network. In Router, Pairs-
FSG and Days, the performance of HC algorithm is not good,
and these several networks have no obvious community char-

acteristics, which indicates that the performance of HC de-
pends on the community structure characteristics of the given
network. To sum up, figures 3 and 4 show that the proposed
algorithm is insensitive to parameters α and p, and the per-
formance of AIGCrank is independent of the settings of these
parameters.

5.2. Coverage redundancy

As pointed out Jiang et al.,[34] the more dispersed the
seed nodes are, the smaller the possibility of coverage redun-
dancy in their information propagation. We further analyze the
dispersion of seed nodes through the average distance among
them, as displayed in Fig. 5. It can be observed from Fig. 5
that the dispersion of AIGCrank is almost the best in Router
and PairsFSG. In other remaining networks, the dispersion of
AIGCrank is almost the second best, where the HC algorithm
is the best. This is due to the fact that the HC algorithm selects
the seed nodes from different clusters, which can better en-
sure the dispersion of the seed set. However, HC is obviously
inferior to AIGCrank in the other two metrics, namely, propa-
gation influence coverage and speed under the IC model, due
to the fact that the performance of HC depends on the spherical
community characteristics of the network.
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Fig. 5. The average distance dmean (eleven different seed ratios p ∈ [0.001,0.006]) between each pair of seed nodes derived from each compared algorithms.

In summary, the comparative experiments on six real net-

works show that the proposed algorithm outperforms those of

state-of-the-art algorithms on propagation influence and cov-

erage redundancy.

5.3. Complexity analysis

For a given network, the total number of nodes and the
average degree are assumed to be n and ⟨k⟩, respectively. The
proposed algorithm consists of the following three parts: cal-
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culating the mass, initializing the gravity centrality score, and
recursive ranking. For the first part, calculating the mass re-
quires the H-index centrality, neighborhood coreness central-
ity and clustering coefficient of nodes in complex networks.
All three indicators have computational complexity O(n) re-
spectively, so the computational complexity of calculating the
mass is O(n+n+n) = O(n). When calculating a node’s grav-
ity centrality score, the r-layer neighborhood must be taken
into account. Therefore, the computational complexity of the
second part is O(⟨k⟩r × n). For the third part, in the recur-
sive ranking strategy, a seed node is selected for each round.
Here, only updating the gravity centrality score of the r-layer
neighborhood of the newly selected seed. Hence, the compu-
tational complexity is O(x×⟨k⟩r), where x is the number of
seed nodes. As a result, the computational complexity of the
third portion is significantly lower than O(n). So the total com-
putational complexity of the proposed AIGCrank algorithm is
O(3× n+ ⟨k⟩r× n)) = O(⟨k⟩r× n). Most of large-scale net-
works are sparse, and their average degree ⟨k⟩ is very small in
comparison to the number n of nodes, i.e., ⟨k⟩ ≪ n. Accord-
ing to the small-world theory,[59] the average shortest path in
most real networks is small, so r is a small value. Therefore,
if networks have small-world and sparsity characteristics, the
computational complexity of AIGCrank can be reaching O(n).

The computational complexity of five contrast algorithms
is shown in Table 2. It is clearly seen that our algorithm and
four contrast algorithms are with low computational complex-
ity, i.e., O(n). Although LGC performs well in terms of in-
fluence propagation, particularly in Days network, its com-
putational complexity (O(n2)) is relatively high and it is not
applicable to large-scale networks.

Table 2. The complexity of algorithms for comparison.

Network Time complexity

AIGCrank O(n)
HC O(n)

VoteRank O(n)
HGD O(n)
LGC O(n2)

RLGI O(n)

6. Conclusions
Influence maximization problem covers massive aspects

in daily life, such as viral marketing, epidemic prevention and
so on, which is an important research topic in the informa-
tion science field. Most of the existing influence maximiza-
tion algorithms suffer from high computational complexity
or insufficient accuracy. The algorithms based on topologi-
cal information have a low computational complexity and can
be applied to large-scale networks, but their accuracy needs
further improvement. To effectively avoid the phenomenon

of the “rich-club” in spreading and improve the accuracy of
influence maximization solutions, in this work, we propose
the AIGCrank algorithm to select the influential multiple seed
spreaders in complex networks. One key to our algorithm first
lies in calculating the score of each node according to the pro-
posed gravity centrality, which takes into full consideration
from the perspective of the neighborhood, network location
and topological structure information of nodes. Note that the
gravity centrality index can be adjusted adaptively to the opti-
mal mode according to the topological features of the network.
The other key to our algorithm lies in selecting the seed nodes
one by one by the strategy of recursive ranking, the core of
which is to adaptively determine the range of neighborhoods
affected by the selected seeds based on the extracted network
properties. Experiments in six real-world networks demon-
strate that the suggested algorithm outperforms the five state-
of-the-art algorithms in terms of accuracy. Our algorithm is
also significantly superior to other greedy and heuristic influ-
ence maximization algorithms on computational complexity,
and presents a new exploration for the influence maximization
issue in the information science field.

This work only simulates the propagation process using
the IC model and does not consider other propagation mod-
els such as SI, SIR, and others. Empirical analysis of more
real networks, propagation models, and well-known and newly
proposed algorithms are all extremely beneficial for gaining
knowledge and experience. We expect that a clear picture of
this issue will be completed in the future by assembling many
fragments from various empirical studies. In recent years,
many researchers have focused on the structure and dynam-
ics of temporal networks.[60,61] Identifying a set of influential
nodes in temporal networks is an important and fascinating
topic. It is worthwhile to investigate how to address the chal-
lenge of the time-dependent node activity and to extend our
work to temporal networks. We also intend to investigate the
influence maximization problem considering information type
and topic community characteristics in the future, i.e., how
different information types and topic communities affect the
propagation process.

Appendix A: Comparative experiments of node
influence indices for the recursive ranking strat-
egy

To further test and verify the performance of the pro-
posed algorithm, we devise four contrast algorithms based on
the proposed recursive ranking strategy and conduct compar-
ative experiments. On the one hand, to validate the benefit of
combining multiple attributes for evaluating node mass, three
of the compared algorithms characterize node mass separately
using single-attribute indices such as H-index, neighborhood
coreness, and k-shell. These three indices are implemented in
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the proposed algorithm, which correspond to three compared
algorithms named AIGCrank-1, AIGCrank-2, and AIGCrank-
3. On the other hand, to further verify the performance of the
proposed recursive ranking strategy, we devise the fourth com-
pared algorithm (named GCrank) in which the gravity central-
ity proposed by Ma et al.[40] is implemented in our recursive
ranking strategy.

Four contrast algorithms based on our recursive ranking
strategy use the gravity raw framework to evaluate node in-
fluence. Their main distinction is in how node mass is de-
fined. AIGCrank-1, AIGCrank-2, and AIGCrank-3 charac-
terize node mass using H-index, neighborhood coreness, and
clustering coefficient, respectively. GCrank employs k-shell
to characterize node mass. The proposed AIGCrank charac-
terize node mass from multiple information dimensions such
as neighborhood, network location and topological structure.
The performance of the five algorithms reflects the accuracy
with which node mass is characterized.

In Section 5, the performance of AIGCrank has been
tested through four group competitive experiments in terms
of the three evaluation metrics such as propagation influence,
stable propagation influence and mean distance. In this sec-
tion, we use the most representative evaluation metric, stable
propagation influence (under different propagation probabili-
ties α and seed ratios p), to validate the effects of different
node influence indices in a nutshell.

Figure A1 shows the comparative experiment results
when α = q ·αc (q ∈ [0.5,1.5]) in URVemail, Yeast, Router,
CA-GrQc, PairsFSG and Days. Figure A2 presents the com-
parative experiment results when p ∈ [0.001,0.0055] in six

real-world networks. Figure A1 shows the stable propaga-
tion influence F under eleven different propagation probabili-
ties α in six networks. Without loss of generality, we fix the
seed ratio p as 0.002. As shown in Fig. A1, AIGCrank can
obtain larger stable propagation influence F than four other
compared algorithms under different propagation probabili-
ties. AIGCrank-2, the neighborhood coreness index being im-
plemented in the proposed algorithm, performs slightly worse
than our AIGCrank, but better than three other contrast algo-
rithms.

Figure A2 presents the stable propagation influence F un-
der ten different seed ratios p in six real networks, where prop-
agation probability α = αc. As shown in Fig. A2, AIGCrank
can achieve larger stable propagation influence F than the four
compared algorithms under different seed ratios. AIGCrank-
3, the clustering coefficient index being implemented in the
proposed algorithm, performs the worst, indicating that using
clustering coefficients alone to assess node importance is not
a good idea. In fact, the clustering coefficient is typically used
in conjunction with the degree index when determining node
importance.

In conclusion, our algorithm outperforms the four con-
trast algorithms under various propagation probabilities and
seed ratios. Moreover, the computational complexity of the
five algorithms is approximately linear. This indicates that
the gravity centrality index proposed in this paper, which is
based on multiple information dimensions, can accurately as-
sess node influence with low computational cost. It also vali-
dates the effectiveness of the proposed recursive ranking strat-
egy for selecting seed nodes.
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Fig. A1. The stable propagation influence F (p = 0.002, eleven different propagation probabilities α = q ·αc, q ∈ [0.5,1.5]) on six networks for different
algorithms. Note that the experiment runs 100 times independently.
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Fig. A2. The stable propagation influence F (α = αc, ten different seed ratios p∈ [0.001,0.0055]) obtained by each compared algorithm on six real-world
networks. Note that the experiment runs 100 times independently.
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