International Journal of Computer Techniques -– Volume 6 Issue 1, Jan – Feb 2019
RESEARCH ARTICLE

OPEN ACCESS

Identifying Influential nodes in complex network based on local kshell iteration factor
DiHua Wu1, Liming Zheng1
1

(College of information science and technology, Jinan University, Guangzhou, China)

----------------------------------------************************---------------------------------

Abstract:
Identifying vital nodes in complex network is significant to promote or control the Information
dissemination process. Centrality is the measure of evaluating the influence of various nodes and current
research find that neighbourhood centrality outperforms the basic centrality. Inspired by the idea of
closeness centrality and k-shell iteration factor, we proposed a new method to estimate the spreading
ability of node based on the sum of k-shell iteration factor of neighbour nodes and the shortest distance
between two nodes. To evaluate the effectiveness of the proposed method, Susceptible-Infected-Recovered
(SIR) epidemic model is utilized to simulate the spreading process on six real world networks and the
experimental results exhibit our method is more accurate than the existing measures.
Keywords —Complex networks, Influential nodes, k-shell iteration factor, Neighbour influence
----------------------------------------************************----------------------------------

I. INTRODUCTION
Many networks in different fields can be
described and analysed by complex network model,
such as power grid [1],[2], social network [3][4]
and
biological
network
[5],[6],
etc.
The network topology
actually
reflects
the
connected relation among different entities and the
nodes in the network show different spreading
capacity because of the diversities of the physical
positions and connectivity. The very fact that the
number of key nodes which have a great impact on
the whole network is generally smaller than the
common ones [7],[8]. Therefore, the correct
identifying of the set of influential nodes has the
important practical significance, which can
effectively help people control spreading process
like cascading failures [9], viral marketing [4],[10],
news or rumours diffusion [11], pandemics [12] and
so on.
Centrality is the measure of evaluating the
influence of various nodes in a network. Nodes with
higher centrality index are viewed as more
important under the same assessment measure. A
variety of centrality measures have been
constructed in the past decades. According to
the scope of the topology, all the methods can be
classified into local metrics, global metrics and
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hybrid metrics. Local metrics are focused on the
local information from target nodes as well as their
neighbour nodes, such as degree centrality (DC) [13]
and H-index [14]. However, the local metrics
generate more inaccurate ranking because of the
limitation of local information. To solve this
problem, global metrics such as betweenness
centrality (BC) [15] and closeness centrality (CC)
[16] are proposed and the results shows the better
performance than the traditional local metric, but
these metrics suffer from high computational
complexity, which can not apply to large scale
networks. Recently, Kitsak et al. [17] applied the kshell decomposition method [18]-[20] to identifying
the influential nodes, demonstrating the proposed
method outperforms the degree or the betweenness
centrality in most cases. They argued that the most
efficient spreaders depend on their location in the
network and the nodes with the largest k-shell index
are deemed core of the network. However, recent
research found that after k-shell decomposition,
nodes with different spreading capacity may be
assigned in the same k-shell value [21]-[23]. To
overcome this shortcoming, Zeng et al. [21] put
forward a mixed degree decomposition (MDD)
procedure balance between the residual degree and
the exhausted degree. However, an adjustment
parameter need to be set in advance to fit the
networks with various structures. Benefit from
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the low computational complexity
of
k-shell results exhibit our method is more accurate than the
method, more and more hybrid metrics on the existing measures.
The remainder of this letter is structured as
foundation of this approach are designed in 3 to
further improve the accuracy of node importance follows: In Section 2, motivation is described and
ranking. Bae et al. [24] presented neighbourhood the new method is proposed. In Section 3, SIR
coreness centrality (Cnc) by taking into simulation and experiments on real world network
consideration the sum of k-shell value of the nearest datasets are set up to determine the optimal distance
neighbour nodes. Wang et al. [23] noted that the to other nodes and evaluate the performance of the
iteration information is generated but neglected proposed method in comparison with other
while in k-shell decomposition. They constructed a centralitymeasures.Finally,
in
hybrid method called k-shell iteration factor (KS-IF) we summarize the conclusion of thisletter
on account of the degree and k-shell iteration Section 4.
information refer to both the node and their nearest
neighbour nodes. Yang et al [25] also found the II. PROPOSED METHOD
effect of iteration information and proposed
The existing studies show that the neighbour
weighted degree centrality (WD) and extended information plays an important role in improving
weighted degree centrality (EWD). All of these the performance of evaluating the spreading
methods only allow for the properties of the node capacity of nodes. That is to say, the influential
itself and the nearest neighbour nodes. Liu et al. [26] node would be the ones which lie close to
further investigated the spreading influence from influential neighbours. But most measures only
not only the nearest neighbours but also indirect allow for the node and the nearest neighbour
neighbours. Based on degree and k-shell index, information. Therefore, we further investigate the
experiments for neighbour nodes from different impact from further neighbour nodes. Based on the
step lengths are conducted. The results indicate assumption that the neighbour nodes with larger
nodes within two steps can achieve a great balance distance are less likely to be infected, the weight
between accuracy and time cost. However, an values should be assigned to neighbour nodes with
adjustable parameter are set manually as well and different distances.
therefore not robust to diverse network structures.
Commonly, the epidemic threshold in SIR
The aboved-mentioned studies show that how model is used to characterize whether the local
to utilize the information from neighbour nodes has disease is able to develop into an epidemic in the
become one of the key point of identifying the network. Furthermore, if a constant transmission
influential nodes. In this letter, we continue to probability is given, when the threshold of network
further investigate the performance of k-shell is large, it indicates that it is more difficult to
method based on neighbour nodes. Inspired by the widely spread in the given network for the disease,
idea of closeness centrality, we consider a further while the disease can be easily outbreak over the
range of neighbour nodes whose influence refer to network that with small threshold. Therefore,
the shortest distance from central node. The initial epidemic threshold can be seen as the measure of
influence of neighbour nodes with the same the difficulty of disease spreading in different
distance is denoted as the sum of their value of networks. In view of the above analysis, we
iteration factor. Further, the epidemic threshold introduce the epidemic threshold as the weight
value βc in Susceptible-Infected-Recovered (SIR) value of one-step propagation in a given network,
epidemic model [27] is regarded as the one-step and the weight values decreases exponentially with
weighted parameter of influence in order to the increase of distance. Besides, k-shell iteration
evaluate the difficulty of diffusion in a given factorδ[23] is employed to distinguish the initial
network. Finally, assuming the neighbour influence influence of neighbour nodes,where m is the
of nodes is mainly relevant to the shortest distance, maximum number of iterations in the step and n is
the weighted factor of each neighbour node the current iteration when node i is removed:
decrease exponentially with increasing distance
n
δ (i ) = ks (1 + )
(1)
from the central node. Given these, we proposed a
m
novel measure, k-shell iteration factor closeness
At last, a new measure, the iteration factor
centrality (IFC), to identify influential nodes for
different types of network. To evaluate the closeness centrality (IFC), based on both iteration
effectiveness of the proposed method, SIR epidemic and neighbour information is proposed. The nodeiin
model is utilized to simulate the spreading process the network is defined as:
on real world network datasets and the experimental
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IFC (i) =

d
∑ β c ij ⋅δ ( j )
j∈N (i)

III.

(2)

whereβc is equal to ⟨k⟩/(⟨k2⟩-⟨k⟩) [27] and ⟨k⟩, ⟨k2⟩
denote the average degree and the mean square of
degree. N(i) represents the set of neighbour nodes
whose distance less or equal to a given radius r. r=2
represents only the nearest neighbours andnext
nearest neighboursare considered.Further, the
extended iteration factor closeness centrality (EIFC)
by considering the IFC of the nearest neighbour
nodes, which is calculated by:
EIFC (i) =

EXPERIMENTAL RESULTS

A. The SIR epidemic model

Take the node

∑ IFC ( j ) (3)
j∈Γ(i)

2 in Fig.1 as the example, the epidemic threshold
βc≈0.43. If given the radius r=2,
IFC(2)=0.431·[δ(1)+δ(3)+δ(4)+δ(9)+δ(16)]+0.432·[
δ(5)+δ(6)+δ(10)+δ(17)+δ(18)+δ(19)+δ(20)]≈13.01,
EIFC(2)=IFC(1)+IFC(3)+IFC(4)+IFC(9)+IFC(16)≈
52.71.

In this section, the susceptible-infectedrecovered (SIR) is implemented to evaluate the
spreading influence of nodes on real world
networks. In each time step, there is only one state
for a node including susceptible, infected,
recovered. Before the infection, a given node i is
preset as infected while all other nodes are in the
state of susceptible. Next, the infectious nodes will
infect each of their susceptible nearest neighbour
nodes with probability β and then recover with
probability γ. The recovered nodes cannot be
infected again. The propagation process continues
until no more infected ones left in the network.
Without loss of generality, we set γ=1. At last, the
independent simulation experiment is run for 1000
times in which the average number of recovered
number is regarded as the spreading influence of
node i.
B. Datasets

For the purposed of validating the performance
of proposed methods, a schematic network and the
real networks are used, including:
Karate: social network of a karate club [28]
Dolphins: dolphins social network [29]
Netscience: collaboration network of scientists [30]
Email: E-mail network of the University
RoviraiVirgiliError! Reference source not found.
Power: Western States Power Grid [32]
PGP: an encrypted communication network [33]
Some statistical properties of all the networks
are listed in Table II.
C. Pretreatment

Fig. 1. Schematic network

TABLE I
Some statistical properties of datasets: node number (n), edge number(m),
average degree (⟨k⟩) , maximum degree (kmax), epidemic threshold (βc),
average clustering coefficient (C), assortativity (A), diameter (D).
Network

n

m

⟨k⟩

kmax

βc

C

A

D

Karate

34

78

4.589

17

0.148

0.571

0.476

5

Dolphins

62

159

5.129

12

0.172

0.259

0.044

8

Netscience

379

914

4.823

34

0.142

0.741

0.082

17

Email

1133

5451

9.622

71

0.057

0.220

0.078

8

Power

4941

6594

2.669

19

0.348

0.080

0.003

46

PGP

10680

24316

4.554

205

0.056

0.266

0.238

24

In Ref. [26], the authors found that there exists
a saturation effect that is negative for ranking
performance, which is considered as the result of
the radius of neighbour nodes set too large.
Moreover, the computational complexity of the
measure will increase quickly when a more
extensive range of neighbour information is utilized.
Therefore, to balance the accuracy and time cost,
the parameter r of the proposed method need to be
determined previously.
The Kendall’s tau coefficient [34] is widely
used to measure the rank correlation between two
ordered lists. Suppose two equal-sized ranking lists
X and Y are given, and the joint set is XY. For any
two selected elements (xi, yi) and (xj, yj), if xi>xj

International Journal of Computer Techniques -– Volume 6 Issue 1, Jan – Feb 2019

Fig.2. The effect on Kendall’s tau when the value of parameter r of IFC is set from 1 to 5.

and yi>yj or xi<xj and yi<yj, the pairs are considered
concordant while they are discordant if xi>xj and
yi>yj or xi<xj and yi<yj. Moreover, if xi=xj and yi=yj,
the pairs are considered neither concordant nor
discordant. The Kendall’s tau coefficient is defined
as:
τ = nc − nd

0.5n(n −1)

(4)

wherenc and nd are the number of concordant
pairs and discordant pairs, respectively. n is the
total number of pairs.
To study the optimal radius of IFC, we
conduct experiments on four datasets with different
sizes by considering the shortest distance r≤5 to
neighbour nodes, which are denoted C1, C2, C3, C4
and C5 as Eq.(2), respectively. Then Kendall’s tau
coefficient is introduced to calculate the correlation
of ranking lists obtained from C1~C5 and SIR
model by varying the infection probability β. The
infection probability β is set nearby the value of
epidemic threshold βc in order to easily distinguish
vital nodes. The larger value of τ corresponds to
more accurate results of measure ranking nodes.
The comparative results are shown in Fig. 2.
As is shown in Fig.2, when the propagation
probability is small, such as β<0.07, C1 performs
better than C2~C5 as the spreading process is
confined to local areas and cannot spread outward.

Then with the increase of transmission probability,
when β>βc(the dot line), disease can disseminate on
a large scale with more neighbour nodes acting as
the transmitter of the disease, so C4, C5 have better
accuracy by considering wider neighbour
information. In addition, there also exists the
saturation effect that with the increase of node
distance, the improvement of evaluation ability is
limited. The reason is that on the one hand,
especially in small-scale networks (Fig.2 (a), (b)),
the network diameter is small and the distance
between nodes is limited, so C3, C4, C5 will
achieve the similar experimental results. On the
other hand, as the definition of IFC shown by
Eq.(2), the weight values of neighbour nodes with
r=1,2,3… are respectively assigned βc1, βc2, βc3….
The smaller the βc of the network is, the faster the
weight value of the remote node decreases. The
purpose is that when the epidemic threshold is
small, more attention should be paid to the initial
spreading region of nodes, while the weight ratio of
remote neighbours get higher in the network with
larger epidemic threshold. By the consideration of
accuracy and time consumption, we set the value of
r=3 in IFC and EIFC, and comparison experiments
among all the measures are conducted in the later
part.
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D. Results

To further evaluate our methods’ performance
of identifying influential nodes, IFC and EIFC have
been compared to some other representative
measures, including degree centrality (DC),
closeness
centrality
(CC)
[16],
k-shell
decomposition (KS) [17]-[20], Mixed degree
centrality (MDD) [21], extended neighbourcoreness
centrality (Cnc+) [24], k-shell iteration factor
centrality (KS-IF) [23], extended weighted degree
centrality (EWD) [25], whose definitions are shown
in section 2. Moreover, we view the iteration factor
(IF), part of KS-IF method, as an independent
measure so as to compare the accuracy with that of
k-shell decomposition.
Similarly, we investigate the accuracy of each
measure by computing the value of τ with infection
probability varied around βc. The results obtained
from this experiment on all six real datasets are
shown in Fig.3. We can observe that both IFC and
EIFC can get higher values of τ in most cases,
especially in the case of β>βc. In comparison with
k-shell method, IF offers higher correctness in all
the datasets except for Email. The reason is that the
average of degree in Email network is large enough
that the iteration information plays a less important
role. But overall, iteration information is also a plus
for identifying vital nodes in the network.
In addition, nodes with different spreading
capacity in the network may get the same score
measured by a given method, which is the case we
do not expect to see. Therefore, the capacity of
differentiating nodes is one of the criteria for
evaluating the performance of centrality methods as
well. Here, the monotonicity M [24] is employed to
evaluate the resolution of different ranking
measures. The monotonicity is calculated by:

of an element vary from each other. The ranks of
nodes is viewed as the element of ranking lists and
a larger value of M indicates the better capacity of
discriminating nodes of the metrics. The
experimental results shown in Table IIIIV exhibit
that both IFC and EIFC are more suitable for the
discrimination in specification of node than the
other methods. Moreover, IF method also
outperforms k-shell method in terms of
monotonicity. The high values of monotonicity of
proposed methods come from taking into account
more extensive neighbour information as well as
iteration information, which based on the idea of
closeness centrality and iteration factor.
To better understand the distribution of nodes
in each rank, complementary cumulative
distribution function (CCDF) of six real networks
are plotted in Fig.3. CCDF can be calculated by:
r
n − ∑ ni
i=1
CCDF (r ) =
n

(6)

where n, ni denotes the total number of nodes and
the number of nodes ranking at i, respectively. r
denotes the given ranking number in the list. The
faster the curve of CCDF falls to zero, indicating
that the nodes are distributed in the smaller ranking
interval. As observed in Fig. 4, the CCDF curve of
IFC, EIFC, KS-IF and EWD trend are basically the
same in small size networks. However, results of
Power and PGP network show that networks with
larger size can cause the discrimination of KS-IF
and EWD to weaken, while our proposed methods
still perform the best. Next, the time complexity of
the proposed measures is analysed. The calculation
procedure of IFC consists of three parts: first, to
compute the epidemic threshold in each network we
need time O(n). Then, obtaining the iteration factor
values of nodes requires O(m), whose procedure is
based
on
the
algorithm
of
k-shell
decomposition[35].
Last,
summing
over
the
2

∑ n (n −1) 
iteration
factor
of
neighbour
nodes
within
a
radius


M ( R) = 1 − r∈R
(5)

of 3 runs in O(⟨k⟩3n). Therefore, the total time
n
(
n
−
1)




complexity of IFC is O(n+m+⟨k⟩3n)≈O(⟨k⟩3n).
EIFC is computed by the sum of IFC from nearest
where R is the given ranking list, n is the neighbour, which requires total time complexity
number of ranks and nr is the number of the same O(n+m+⟨k⟩3n+⟨k⟩n)≈O(⟨k⟩3n). At last, the time
ranks of R. Obviously, M ranges from 0 to 1, and complexity of eight
Mreaches the maximum value 1 only when the rank
r
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TABLE VVI
THE MONOTONICITY OF EACH MEASURES ON SIX REAL WORLD NETWORKS
Network

M(DC)

M(CC)

M(KS)

M(IF)

M(MDD)

M(Cnc+)

M(KS-IF)

M(EWD)

M(IFC)

M(EIFC)
0.9577

Karate

0.7079

0.8993

0.4958

0.6463

0.7536

0.9472

0.9542

0.9542

0.9542

Dolphins

0.8312

0.9737

0.3769

0.8781

0.9091

0.9873

0.9968

0.9958

0.9979

0.9979

Netscience

0.7642

0.9928

0.6421

0.7606

0.8226

0.9893

0.9948

0.9943

0.9951

0.9955

Email

0.8874

0.9988

0.8088

0.8977

0.9233

0.9991

0.9996

0.9999

0.9999

0.9999

Power
PGP

0.5927
0.6193

0.9998
0.9996

0.2460
0.4806

0.6234
0.6487

0.6940
0.6679

0.9419
0.9851

0.9848
0.9912

0.9944
0.9985

0.9998
0.9997

0.9999
0.9997

Fig. 3. The Kendall's tau between the ranking lists offered by eight measures and the ranking list generated by SIR simulation with the
infected probabilityβ varied around βc (dot line) in six real networks.

Fig. 4. The complementary cumulative distribution function (CCDF) plots for six real networks.
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methods is shown in Table VIIVIIIIX. Due to existing methods and verify the positive effect of
consideration of more neighbour information, both iteration information from k-shell decomposition on
identifying key nodes. Finally, we analyse the
IFC and EIFC
computational complexity, the proposed methods
cost slightly more computational complexity than improve the performance of CC and remain
Cnc+, KS-IF and EWD when the average of degree competitive in the existing methods. How to apply
is small. In addition, in comparison with CC, the the proposed approach to specifying and ranking
method of taking account into the neighbour nodes the spreading capacity of nodes in weighted and
with shortest distance as well, our methods greatly directed networks will be investigated in the future
increase the efficiency by considering limited works.
neighbour influence.
References
TABLE XXIXII
The computational complexity of eight methods
Ranking measure
CC
ks
IF
Cnc+
KS-IF
EWD
IFC
EIFC

Computation complexity
O(n3) or O(n2 log n+nm)
O(m)
O(m)
O(⟨k⟩n)
O(⟨k⟩n)
O(⟨k⟩n)
O(⟨k⟩3n)
O(⟨k⟩3n)

IV.

Category
Global measure
Global measure
Global measure
Hybrid measure
Hybrid measure
Hybrid measure
Hybrid measure
Hybrid measure

CONCLUSION
How to identify the vital nodes in complex
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hotspots in recent years. In this letter, some related
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and computational complexity. The experimental
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