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The disintegration of networks is a widely researched topic with significant applications in fields such as counter-
terrorism and infectious disease control. While the traditional approaches for achieving network disintegration involve
identifying critical sets of nodes or edges, limited research has been carried out on edge-based disintegration strategies. We
propose a novel algorithm, i.e., a rank aggregation elite enumeration algorithm based on edge-coupled networks (RAEEC),
which aims to implement tiling for edge-coupled networks by finding important sets of edges in the network while balancing
effectiveness and efficiency. Our algorithm is based on a two-layer edge-coupled network model with one-to-one links, and
utilizes three advanced edge importance metrics to rank the edges separately. A comprehensive ranking of edges is obtained
using a rank aggregation approach proposed in this study. The top few edges from the ranking set obtained by RAEEC are
then used to generate an enumeration set, which is continuously iteratively updated to identify the set of elite attack edges.
We conduct extensive experiments on synthetic networks to evaluate the performance of our proposed method, and the
results indicate that RAEEC achieves a satisfactory balance between efficiency and effectiveness. Our approach represents
a significant contribution to the field of network disintegration, particularly for edge-based strategies.

Keywords: edged-coupled, rank aggregation, interdependent networks, elite enumeration

PACS: 89.75.Fb

1. Introduction

Complex networks are ubiquitous in modern society,!!!
encompassing a wide range of systems such as power grids,
communication networks, and social networks. As technol-
ogy advances, these networks are becoming increasingly in-
tertwined and their structures are growing more complex./?=!
Therefore, gaining a comprehensive understanding of the in-
tricate association patterns within and between these networks
is crucial for in-depth analysis.

Extensive research has been conducted on robustness
of single-layer networks, including the identification of key

6121 and edges.!"3-1>) However, with the increasing in-

nodes!
terconnectivity of networks, single-layer models are no longer
sufficient to meet practical needs. In reality, interdependent
networks are more prevalent, such as cyber-physical power
systems (CPPSs) and financial networks composed of dif-
ferent regions. Although current research on interdependent
networks is based on point-to-point coupled networks,!'%!7]
which establish links between layers through individual nodes,
many real-world interdependent networks rely on edge-to-
edge coupling. For instance, city networks comprise many
cities connected by transportation routes. Another example is
the edge-coupled network of the transportation network and
economic trade network, where the trade relations between
economies depend on the routes in the transportation network.
As well as the edge-coupled network of production supply

chain network and logistics and transportation network where
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suppliers need logistics services for distribution and trans-
portation of goods, etc. Despite the prevalence of such edge-
coupled interdependent networks, there is a lack of in-depth
research on their robustness, resulting in limited understand-
ing of the impact of edge failures in one network on another
network. Therefore, studying the robustness of interdependent
networks based on edge-coupled links is critical.

Real-world networks exhibit heterogeneity, where a few
nodes and edges play crucial roles in determining network
structure and function, while the majority of nodes and edges
are less significant. Numerous methods have been developed
to identify key nodes, such as degree centrality, between-
ness, and k-core decomposition. For instance, Xu e al.!'®!
proposed an information entropy-based algorithm that con-
siders two-hop information to identify key nodes. Wang et
al.""! developed a multi-scale information importance method
that integrates local and global information to identify critical
nodes more effectively. However, few studies have focused on
identifying significant edges in networks, but it is also criti-
cal to network disintegration and protection. For instance, in
CPPSs, 21 identifying critical transmission lines can help pre-
vent possible attacks and reduce the likelihood of cascading
failures in interdependent networks. Similarly, in infectious
disease networks, breaking the most damaging transmission
chains by identifying critical edges can prevent further disease
spread. Consequently, this paper investigates the robustness of
edge-coupled interdependent networks by examining the crit-
ical edges in the network.

http://iopscience.iop.org/cpb http://cpb.iphy.ac.cn
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Identifying the significant edge sets in the network has
been proven to be NP-hard (non-deterministic polynomial),
indicating that it is a non-deterministic polynomial-time prob-
lem. Therefore, the resolution of this combinatorial optimiza-
tion problem necessitates the development of innovative and
efficient algorithms. The time cost can be high when choosing
methods such as intelligent optimization to search for signif-
icant edge sets. Therefore, our goal is to make the proposed
algorithms achieve a satisfactory balance between effective-
ness and efficiency as much as possible. Compared with point-
coupled networks, edge-coupled networks are more robust and
less prone to disintegration, so how to effectively disintegrate
edge-coupled networks is novel and well worth considering.
Therefore, edge-coupled networks under one-to-one links are
chosen as the object of the present study.

To improve efficiency and effectiveness, a novel rank ag-
gregation elite enumeration algorithm based on edge-coupled
networks (RAEEC) is proposed. Our algorithm performs rank
aggregation of multiple edge importance metrics, avoiding the
one-sidedness of single metrics and the high time cost of intel-
ligent optimization algorithms. The conversion of large enu-
meration to small enumeration in selecting the set of elite at-
tack edges saves time and cost significantly. Extensive exper-
iments are conducted on synthetic networks, and results show
that our new method outperforms existing state-of-the-art al-
gorithms. The main contributions of this study are as follows:
(1) Model one-to-one interdependent edge-coupled networks.
(2) Implement to combine metrics with different layers of edge
importance into one. (3) The RAEEC algorithm achieves a
satisfactory balance between effectiveness and efficiency.

The rest of this paper is organized as follows. Section 2
presents recent advances in the study of the importance of
edge nodes. The basic definition of complex networks is given
in Section 3, and advanced metrics for studying edge impor-
tance are presented. Section 4 gives the model of edge-coupled
interdependent networks under one-to-one links and the pro-
cess by which cascading occurs. In Section 5, we propose the
RAEEC algorithm for identifying the significant edges in the
network. Section 6 presents the results of simulation exper-
iments and compares the RAEEC algorithm with four state-
of-the-art algorithms. Finally, in Section 7, conclusions are
drawn based on our findings.

2. Related works

In recent years, there has been an increasing interest
among researchers in identifying important edges in a network
due to their significant practical applications. Most of the cur-
rent methods for measuring the importance of edges rely on
the structural information of the network.

The concept of edge meson, which is a generalization of
the point meson, has been proposed, but it requires a large

amount of computational resources. Similar to the between-
ness of nodes, the edge betweenness!’!! was proposed by
Newman et al. Yu et al.'”*?! proposed the BCCMOD algo-
rithm based on the number of edge networks, which takes into
account the topology and information dissemination capabil-
ity of the network. However, all of these algorithms are based
on global information and perform better on small-scale net-
works, but are not suitable for large-scale networks. To ad-
dress this issue, Holme ef al.!?3] introduced the concept of de-
gree product (DP), where the DP of an edge is the product of
the degrees of the two endpoints of the edge. Chen et al.!**]
proposed a semi-local centrality metric (SLC) that considers
information from one-, two-, three-, and four-hop neighbors
and works better than some global centrality indices on most
real networks.

Cheng et al.!>! have proposed the Bridgeness metric to
quantify the importance of edges in maintaining network links.
Liu et al.*®) have introduced diffusion intensity (DI) as a mea-
sure to explain the diffusion of edges in dynamics, and Zhao
et al.””’1 have proposed a second-order neighborhood (SN) in-
dex that accounts for the topological overlap (TO)!?8! of the
second-order neighbors of the two endpoints of an edge. Ad-
ditionally, some methods have investigated the importance of
edges, including eigenvalues,!*®! nearest neighbor links, 3!
and so on.

Intelligent optimization algorithms, such as evolutionary
algorithms!3!1 and tabu-search algorithms, ! can also be used
to find significant edges in the network. However, while these
algorithms may yield better results compared to centrality al-
gorithms, their time complexity is generally very high. There-
fore, achieving a balance between efficiency and effectiveness
is a critical issue.

While previous algorithms for identifying significant
edges in networks are based on single-layer networks,
for edge-coupled interdependent networks, considering only
intra-layer neighborhoods can result in a loss of significant in-
formation. Thus, this paper improves previous algorithms for
edge-coupled interdependent networks and proposes a novel
algorithm that balances effectiveness and efficiency to achieve
a satisfactory trade-off between the them.

3. Preliminaries

The interdependent networks consisting of two networks
are abstracted as an undirected, unweighted graph G, :=
(Va,En), Gg := (Wi, Eg), respectively. Ny = |V, | and Ny = | V|
are the numbers of nodes in networks G, and Gg; E, and Eg
is the sets of edges in the networks. We describe the networks
G, and Gy by adjacency matrices A and B, respectively, where
a;jj = 1 and b;; = 1 indicate the direct existence of links be-
tween nodes i and j, otherwise a;; = 0 and b;; = 0. In this
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section, four advanced metrics used to measure edge impor-
tance are presented.

3.1. Degree product

The degree product (DP) is expressed as the product of
the degrees of nodes i and j at the ends of edge e;;,

D(i, ) = kikj, 9]

where k; and k; are the intra-layer degrees of nodes i and j,
respectively.

3.2. Topological overlap

To measure the topological overlap (TO) of two vertices
in an edge, we introduce the concept of topological overlap.
A smaller value of topological overlap means that the edge is
more important,

. nij
T(i,j)= P —— 2
where k; and k; denote the degrees of nodes i and j, n;; denotes
the number of common neighbors of nodes i and j. If nodes
i and j do not have any common neighboring nodes, then
n;; = 0, implying that the value of T'(i, j) is also zero. If the
common neighbors of nodes i and j are identical, T'(i, j) = 1.

3.3. Diffusion intensity

Diffusion intensity (DI) is the average of the propagation
intensity of nodes i and j,

16, ) = ===~

where n;/; is all neighbors of node i minus those remaining

3)

neighbors associated with node j, and n;; is all neighbors of
node j minus those associated with node i. The I(i, j) met-
ric quantifies the average potential impact of edge e;; in both
directions (i — j, j — i).

3.4. Second-order neighborhood index

The second-order neighborhood (SN) index shows the
topological overlap of the second-order neighbors of the two
endpoints of an edge, and the index is considered an extension
of the topological overlap index. Similar to topological over-
lap, the lower the SN value is, the more important the edge
is,

_Ip 0|

i NP5

S(i. J) ; “4)

@)
ij
network with distance 2 from node i after deleting edge ij in
2
ji
remaining network with distance 2 from node j after deleting

where p:;’ denotes the number of vertices in the remaining

network G,, and p;’ denotes the number of vertices in the

edge ij in network Ga.

4. Edge-coupled one-to-one interdependent net-
works

4.1. Definition of edge-coupled interdependent networks

In this paper, we consider a two-layer edge-coupled inter-
dependent network under one-to-one links, where the two lay-
ers are denoted as network G, and network Gy, and assume
that a node in network G, can have at most one dependent
edge in network Gg.

To visualize the edge-coupled network with one-to-one
links, a specific example is shown in Fig. 1. The interdepen-
dent network in the figure consists of two networks, G, and
Gjg, with eight nodes in G, and eight nodes in Gg, respec-
tively. G, and Gg contain 9 and 8 edges, respectively, with at
most one coupling edge existing at each node. Both G, and
Gy are maximal connected branches, so the edge-coupled net-
work consisting of G, and Gy also forms a giant component.

Ga
a
1 52
® ! i ea
| 3
| f ,
e | Pl
. 36—4‘—-—1—- ! e
aq ] tay i ;oas |
Lo I
; /
‘1 ‘; H | !
N i
1 ! 1 !
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i | ! |
[ /
|
o i
Gp | ! / !
I H 1
bo A ..
s ol bs
L
— .
by | / 4 bs
|
-
s
by bs

Fig. 1. Edge-coupled interdependent networks under one-to-one links.

Since the coupling relationship between the layers is
edge-coupled, using a symmetric adjacency matrix to record
the coupling edges is not reasonable. For edge-coupled net-
works, we need to record the edges of G, and Gy correspond-
ing to the coupling edges in two separate matrices. For con-
venience, we define the matrix D to describe the inter-layer
coupling edges. Its dimension is n-by-4, where n represents
the number of coupling edges and n < min(|E,|, |Eg|). The
first two numbers in each row of matrix D represent the node
numbers i and j of the edges in G, for which the coupling edge
is coupled, and the last two numbers represent the node num-
bers i’ and j’ of the edges in Gy corresponding to the coupling
edge.

4.2. The propagation process of cascading failures

In this paper, we presume that only edges in layer G, are
attacked and that layers G, and Gp have the same cascade pat-
tern after a failure. When an edge in layer G, is attacked,
that edge is immediately disconnected, and at the same time,
if there is a coupled edge in that edge, the edge in layer Gy
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to which it is coupled is also disconnected. Next, a cascade
failure may occur in the interdependent network, simply by
finding the maximum connected branches of layers G, and Gg
respectively, and then continuously deleting edges and nodes
until the cascade failure ends.

We presume the ratio of the number of nodes belonging
to the giant component in the network at the end of the cascade
failure to the total number of initial nodes is used as a measure
of the robustness of the edge-coupled interdependent network,
denoted by S(Q), where S(Q) = (Ny +N})/(Na+Ng). Q is
the edge set of the attack, and N, and N} are the numbers of
nodes remaining in the network G, and Gg, respectively, after
the attack and the cascade occurs.

by

Fig. 2. A concrete example of a cascading failure in an edge-coupled
network. Layer G, and Gy are a pair of one-sided couplings, with
solid black lines indicating edges connecting nodes belonging to the
giant component of each layer and vertical dashed lines indicating cou-
pled edges between layers. Attack edge az—as in layer G,, the fi-
nal percentage of nodes remaining in the interdependent network is
S(Q)=(5+4)/(7+7)=0.64.

e First stage: In layer G,, edges az—a4 are invalidated
due to deliberate attacks, and since layers, G, and Gy
are one-to-one coupled, edges bs—bs5 are removed from
layer Gg, while the coupled edges linking az—a4 and bs—
bs are removed.

e Second stage: Find the giant component in the G4 layer
and delete the edge as—as. Next, find the edge by — b7
coupled to the edge as—as in the Gy layer and delete it.

e Third stage: Similar to the second stage, find the edge
in layer G that does not belong to the giant component
and delete the edge bs—bg, while finding the edge az—a;
coupled with the edge bs—b¢ in layer G, and delete it.

e Fourth stage: Repeat the steps in the second and third
stages to delete nodes and edges in G, and Gg that do
not belong to the giant component until all nodes and
edges belong to the giant component, ending the cas-
cade.

Our goal is to maximize the degree of disintegration of
the interdependent network by attacking edges in network G.
In this paper, we consider an edge-coupled network measured
by the proportion of remaining nodes in the network denoted
by S(Q). Therefore, the problem of minimizing the maximum
number of giant component (MIN-GC) of the edge-coupled
networks can be formulated as follows:

min S(vi,v2,...,V|g,|)

|Ea|
st Y v <|Ea|-f, k=1,2,...,|E4],
k=1
Vk€{071}a k:1727'-'3‘EA‘7 (5

where v, indicates whether the k-th edge is selected, vy = 1
means that the k-th edge is selected into the attack edge set,
vr = 0 means that it is not selected, and f (0 < f < 1) indi-
cates the deliberate attack strength.

5. Rank aggregation elite enumeration algo-
rithm for disintegrating edge-coupled net-
works

5.1. Definition of rank aggregation method

To facilitate the study, this paper chooses to attack only
the edges in network G,. For the importance of edges in net-
work G,, we need to consider also the possible coupled edges
between network G, and network Gg. Taking the edge diffu-
sion strength as an example of a measure of edge importance,
the idea of this paper is to assume that any edge e;; is cho-
sen in-network G, and if there is a coupling edge e;; between
ejjr and network Gg, then the overall diffusion strength of that
edge e;; is

Ix(eij) +15(eq ), if coupling edge exists between
I(ejj) = e;jand ey,
Ii(eij), otherwise,

6)

where I, (e;;) and Iy(e; jr) are the diffusion intensity values of
G, and Gy at the network layer.

Since the coupling between networks G, and Gy is one-
to-one when an edge e;; in network G, is attacked, if a cou-
pling edge e exists for that edge, then edge ey will also be
removed from network Gg. Therefore, the importance of an
edge in network G, should be measured by adding the edge in
network G, that is coupled to that edge.

In order to maximize the disintegration of the network,
we need to find the optimal set of attacking edges such that
the combination of this set of attacking edges hurts the cou-
pled edge network the most. Previous studies on the impor-
tance of nodes have many measures, including degree, be-
tweenness, and so on. In fact, if we use only one criterion
to measure node importance, we are likely to miss some po-
tentially critical nodes. This is true for nodes as well as for
edges. For single-layer networks, the graph-based rank aggre-
gation method®3! aggregates all individual rankings into a sin-
gle consensus ranking. Therefore, in this study, by combining
several more advanced methods for studying the importance
of edges in networks, we propose an RAEEC algorithm based
on edge-coupled interdependent networks.

Consider N representatives {ri,r2,...,ry} ranking |E,|
edges in network G, sequentially, and the obtained ranking
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matrix is set to R = (r;j)y.|g,|» Where r;; denotes the ranking
after the scoring given to the j-th edge by representative r;. A
concrete example of rank aggregation is given in the follow-
ing:

43512

34251

54231

53241

34512
52341

where each row in R denotes the ranking of each edge after the
representative person r; scores, respectively. Matrix (7) gives
the ranking of the six representatives scoring the five edges.
Take the first row of the R matrix as an example, the five edges
are ranked as 4, 3, 5, 1, and 2.

A transition matrix 7% = (1j¢) g, g, | (1 < i < N) is ob-
tained below from each row of R separately. If r;; is smaller
than r, it means that the i-th representative considers the edge
numbered j more important than the edge numbered %, i.e.,
tjr = 1, otherwise, ¢ = 0.

[00100] 01010
10100 00010
T'=|100000|, T2=]11010],
11101 00
(11100] I |
[00000] [00000]
10000 10010
*=|11010|, T*=|11010],
11000 10000
[ 11110] [11110]
[01100] [00000]
00100 10110
T°=100000|, T°=|10010 (®)
11101 10000
(11100] [11110]

Next, based on the transmission matrix 7", we can obtain
N
the score matrix U = (u;j) ||, |» Where u;; = ¥, #];. Thus,
n=1 "~
from matrix (8), we can obtain the score matrix
02210
40330
U=1(43040]. 9

53202
66640

Based on the score matrix, we can find the “in-degree”
and “out-degree” values of each edge in network Gy,

) |EAl

=Y (10)
j=1
[EAl

r =Y . (11)
j=1

Finally, we can define a measure of the importance of
edges in network G, by calculating the ratio of incoming and
outgoing edges (RIOE) as follows:

rijn +1

out .
r; +1

v(j) = 12)
The three parameters and the final ranking of each edge
are listed in Table 1. The overall ranking of the edge set from
front to back is es,es,e3,e2,e;. The final rank aggregation
based on edge coupling is ranked as R = [es, e4, €3, €2, ¢1].

Table 1. Final ranking results of the edge set based on the rank
aggregation method.

Edge rif o v(j) Rank
el 5 19 0.3 5
ez 10 14 0.733 4
es 11 13 0.923 3
ea 12 12 1 2
es 22 2 7.667 1

5.2. Rank aggregation elite enumeration algorithm

In the following, we will propose a novel rank aggrega-
tion enumeration algorithm. First, the rank aggregation is per-
formed for E, edges in the network layer G, according to the
previously proposed method. Based on the extensive experi-
mental analysis, it is found that the best result is achieved when
N = 3. Too few or too many indicators will affect the effect
of aggregation. The metrics chosen in this paper are HDI, [>6]
HTO,[?%! and HSN. 27!

The HDI, HTO, and HSN methods differ from the DI,
TO, and SN methods in that each time. The most signifi-
cant edge in the current network is determined, that edge is
removed from the network. The above steps are repeated until
all edges in the network are sorted. It is not difficult to infer
that the HDI, HTO and HSN methods can dismantle the net-
work to a greater extent under the same attack strength because
it avoids repeated attacks and improves the attack efficiency.

Our approach is to select the optimal set of edges I among
the three methods HDI, HTO and HSN and to take the high-
est ranked part of edges in the rank aggregation and merge
them. Suppose that the attack strength is f, i.e., the number
of edges attacked at this point is f - |E,|, and then the optimal
set of edges among the three methods and the top-ranked set
in the rank aggregation method are selected and merged, re-
spectively, to obtain 2- f - |Ex| (JI| =2- f - |E4|) edges as the
candidate edge set. Next, the set of candidate edges is enu-
merated, but if we perform a simple one-by-one enumeration
of the set I, i.e., take C‘Zf_ 'ﬁ%‘A‘, it is not difficult to find that the
time cost must be very high.

Therefore, reducing the running time becomes the most
fundamental problem to be solved. Our idea is to construct a
queue containing a total of [(f-|E4|)/5] groups of edges, with
5 edges in each group except the last group, which contains the
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number of edges f - |EA| —5-([(f-|Ea|)/5] —1). This converts
the Cg J‘ﬁ%\ enumeration into a [(f-|Ex|)/5] ~C§, enumeration
(j is the total number of edges at the intersection of the top five
edges in the current three methods’ optimal sum rank aggre-
gate ranking; k' = k or ¢; j < 10,k’ < 5), which can greatly
reduce runtime. Figure 3 shows the process of entering the
queue with edge sets. After each group of edges enters the
queue, it is removed from the network, and the next time it
continues to select the top 5 edges from the remaining edges

to enter the queue until all f - |E,| edges enter the queue.

(| EAl)/5)

Fig. 3. The process of entering the queue of attack edge sets.

The RAEEC algorithm based on edge-coupled interde-
pendent networks for solving the set of attacking edges can be
summarized in the following five steps:

Step I Calculate the HDI, HTO, and HSN values of all
edges in the network layers G, and Gy corresponding to the
three metrics.

Step II If edge i in network G, has coupling edge j in
network Gg, the importance value corresponding to edge i is
equal to the importance value of edge i plus edge j in the pre-
vious step.

Step I Using the three indicators HDI, HTO, and HSN
as representatives, the score matrix U is calculated using the
rank aggregation method, and the importance ranking of all
edges in network G, is obtained.

Step IV Under the condition that the attack intensity is f,
perform a queuing operation on f - |E, | edges, with each group
of five edges. Enumerate the union sets of the top 5 edges ob-
tained from the best of the three algorithms and rank aggre-
gation, queue the best solution in C¥, and delete the queued
edges in the network.

Step V Repeat step IV until all the f - |E,| edges are in the
queue, the f-|E,| edges are the set of elite attack edges.

6. Simulation results and analysis

We conducted extensive numerical experiments on syn-
thetic and real networks and compared the RAEEC algorithm
proposed in this paper with four classical methods for comput-
ing edge importance to verify the advantages of the RAEEC
algorithm. The four compared algorithms are the high degree
product (HDP),!?3! the high topological overlap (HTO),[?8] the
high diffusion intensity (HDI),*®! and the high second-order
neighborhood index (HSN).[?7]

All the experiments listed in this paper were performed
on a Windows 11 computer with an Intel i7-12700 CPU and
16 GB of RAM, implemented under MATLAB 2020b.

6.1. Benchmark datasets

In this section, three representative artificial networks,

B4 ER random networks,?%! and

i.e., BA scale-free networks,
small-world (WS) networks!®! are chosen for comparisons.
The edge coupling between networks G, and Gy is chosen in
this paper to be a random one-to-one link, with at most one de-
pendent edge in the network that exists in the other network.
The details are as follows.

ER networks Each layer in the network is defined by two
parameters: N and p, i.e., p is the probability of connecting
each pair of nodes and N is the number of nodes in the net-
work. In this paper, we set Ny, Ny = 50, 80, 100, 200 and
p = 0.12, 0.08, 0.06, 0.03. The final edge-coupled ER-ER
network includes 100, 160, 200 and 400 nodes.

BA networks Generating a scale-free network requires
three input parameters: mg, m, and N. The initial number
of vertices in each layer of the network is my, and m edges
are added for each additional y vertices until the number of
nodes in the network is N. For extensive experiments, we set
N, = N = 50, 80, 100, 200, my = 5, and m = 3. The final
edge-coupled interdependent network includes 100, 160, 200,
and 400 nodes.

WS networks Three parameters are required to generate
the WS network, N is the number of points, K represents the
total number of neighbors per node, where the left side has
K /2 neighbors and the right side K /2 neighbors, and p repre-
sents the reconnection of each edge in the network with prob-
ability p. For extensive experiments, we set Ny = Ny = 50, 80,
100, 200, p = 0.02, and K = 6.

Although the above three networks are artificially gen-
erated, they contain many features of complex networks and
can be studied as the topology of real social relationships. BA
scale-free networks are highly heterogeneous, as evidenced by
the preferential connection mechanism of their nodes. Real-
life social, biological, and trade networks all have the char-
acteristics of scale-free networks. ER networks are homoge-
neous, and small-world graphs reflect a characteristic of friend
networks. To diversify the experiment, we coupled different
networks for comparative study.

6.2. Experiments and results

In this paper, we assume that the network has achieved
disintegration when the proportion of remaining nodes in the
coupled network is less than 20%. For comparative analysis,
the intra-layer average degree of BA, ER and WS is set to 6,
while networks G, and Gy are generated separately.

Figure 4 shows the total number of nodes in the network
for 100, 160, 200, and 400, respectively. It can be seen that
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all RAEEC algorithms outperform the four advanced methods
mentioned above in identifying the significant edges of the net-
work. In the first half of the curve, the RAEEC algorithm does
not differ much from HDI, HTO and HSN, but as the percent-
age of attacks increases, the advantage of RAEEC becomes
more obvious.

The slope of the curve in the figure becomes steeper and
steeper. When the attack intensity is small, the overall dam-
age to the edge-coupled network is small, and the curve falls
more gently, attacking roughly 40% of the nodes in the net-
work. However, as the attack intensity increases, the edges
connected to the vertices are removed one after another, and
cascade failures occur continuously within the network layer.
If there are inter-layer coupled edges, the cascade will also oc-
cur within another layer, which leads to the proportion of re-
maining nodes dropping directly from 60% to less than 20%.

According to the theoretical analysis, the BA-BA network

(a) ER-ER

(b) WS-WS

should be the easiest to disintegrate because its heterogeneity
is the strongest. However, in Fig. 4, it is not difficult to find
that the WS-WS edge-coupled network is the easiest to disin-
tegrate. We analyze it because in this paper only the WS-WS
network fully implements one-to-one inter-layer coupling, i.e.,
attacking the edges in the network G,, it must be possible to
find coupled edges connected in the network Gg, making its at-
tack effect be better. The average degree of the remaining two
coupled networks is only approximately equal to 6, i.e., the
neighboring edges of networks G, and Gy are not equal, which
leads to the WS-WS network being easier to disintegrate com-
pared to ER-ER and BA-BA. Secondly, the BA-BA network
is more prone to disintegration with a percolation threshold
equal to 0.7 less than the ER-ER network. The ER-ER edge-
coupled network is the lowest degree of disintegration among
the three coupled networks, and its percolation threshold f.
remains around 0.8.

(c) BA-BA

SN
—e—RAEC

02 04 06 08 0.2
f

0.6 0.8
f f

Fig. 4. Comparisons of different methods under edge-coupled interdependent networks. The four rows indicate the total number of
nodes in the network as 100 (N, = Nz = 50), 160 (N, = N3 = 80), 200 (N, = Nz = 100), 400 (N, = Ny = 200).
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(b) BA-ER (c) BA-WS

0.9
0.8
0.7
0.6
© 0.5

©0 0.5

0 0.5
0.4
0.3
0.2
0.1

0.2 0.4 0.6 0.8 10 0.2 0.4 0.6 0.8 1

f !

Fig. 5. Comparisons of different methods under ER-BA, BA-ER, and BA-WS edge-coupled interdependent networks. The three rows
indicate the total number of nodes in the network as 100 (Ny = Ny = 50), 160 (N, = Ny = 80), 200 (Ny = Ny = 100).

(a) WS-BA (c) WS-ER

0.9
0.8
0.7
0.6
0 0.5

0 0.5

© 0.5
0.4
0.3
0.2
0.1

0 02 04 06 038 10 02 04 06 08 10 0.2 04 06 0.8 1

f f f

Fig. 6. Comparisons of different methods under WS-BA, ER-WS, and WS-ER edge-coupled interdependent networks. The three rows
indicate the total number of nodes in the network as 100 (N, = Ny = 50), 160 (N5 = Ny = 80), 200 (N, = Ny = 100).
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From Figs. 5 and 6, it can be seen that the RAEEC al-
gorithm combines the advantages of HDI, HTO and HSN and
outperforms all four compared algorithms. The shapes of the
curves are roughly similar as the number of nodes in the net-
work increases. Meanwhile, when the number of nodes in the
network is the same, the ER-BA edge-coupled network is less
robust, and its percolation threshold is all 0.7, which is more
easily disintegrated compared with the BA-ER coupled net-
work. Therefore, when the disintegration cost is limited to
choosing one of BA and ER to construct the edge-coupled net-
work, we choose the network G, as the ER network. This is
because the edge-coupled network can be disintegrated more
efficiently for the same attack ratio.

For the edge-coupled networks with different upper and
lower layers consisting of BA and WS, the WS-BA network
is less robust, and its percolation thresholds are all below 0.7.
Meanwhile, compared with the BA-WS network, the RAEEC
algorithm has more obvious advantages over the remaining

four compared algorithms. For the edge-coupled network
composed of ER and WS, the WS-ER edge-coupled network
is less robust and has a larger drop in the curve compared to
the ER-WS network.

Compared with the ER-ER edge coupling in Fig. 4, re-
placing the network Gy from ER network with the BA network
reduces the robustness of the network and is more prone to dis-
integration. In contrast, replacing the network G, with the BA
network reduces its robustness but does not change much, and
its percolation threshold remains around 0.8.

We selected three larger-scale edge-coupled networks,
WS-WS (N, = Ng = 600, (ka) = (kg) = 4), WS-WS (N, =
Np = 1000, (ky) = (kg) = 2), and BA-BA (N, = N3 = 2000,
(kp) = (kg) = 4), for our experiments. From Fig. 7, it is easy
to find that the RAEEC algorithm still outperforms the remain-
ing four comparative algorithms on the larger-scale networks,
indicating that the algorithm has effectiveness and stability.

0 \
0 02 04 06 0.8 10 0.2

f

0.6 0.8 10 0.2 04 06 0.8 1

! f

Fig. 7. Comparisons of different methods on larger scale edge-coupled networks. Three represent the total number of nodes in the
network as 1200 (N, = N3 = 600), 2000 (Ny = N = 1000), and 4000 (N, = N = 2000).

6.3. Time complexity and runtime

In the following, we analyze the time complexity of the
five algorithms. For the four methods DP, DI, TO, and SN, the
time complexity is O(|Ex| - N?).

Now we analyze the time complexity of the RAEEC algo-
rithm proposed in this paper. First, it is necessary to calculate
the edge importance ranking of the three algorithms DI, TO,
and SN, respectively, whose time complexity is O(|E,| - N2).
Next, ranking aggregation is performed to obtain the combined
ranking of the set of edges of network G, with time complex-
ity O(|E4|?). Finally, elite enumeration is performed, with a
time complexity of O([(f-|E4|)/5]-f-|Es|-N?). In summary,
the time complexity of the RAEEC algorithm is O(|E,|* - N2).

Although the time complexity of the RAEEC algorithm
is slightly higher than the remaining four previous comparison
algorithms, the results of RAEEC are significantly better than
the four algorithms. Compared with intelligent algorithms,
RAEEC does not need the repeated variation and crossover
mechanisms in intelligent algorithms to maintain the improve-
ment of results and has obvious efficiency advantages. There-
fore, the RAEEC algorithm obtained by rank aggregation of

three algorithms HDI, HTO and HSN, and elite enumeration
achieves a balance in efficiency and effectiveness directly.

For the running time of these five algorithms, we con-
ducted experiments on BA-BA edge-coupled network, and the
results show that when the number of network nodes is 100,
the running time of the DP algorithm is 1.29 s, the running
time of the DI algorithm and TO algorithm are similar, which
are 3.51 s and 3.39 s, respectively. For the SN algorithm it is
30.11 s, and for the RAEEC algorithm proposed in this paper
it can be seen that the running time of the RREEC algorithm is
close to that of the SN algorithm, but the effect is much better
than that of the SN algorithm.

7. Conclusion

This paper presents a method to disintegrate edge-
coupled interdependent networks by attacking the set of sig-
nificant edges in the network G,. A rank aggregation elite
enumeration algorithm is proposed. First, the combined rank-
ing of all edges in network G, is obtained by the rank aggre-
gation method. Next, the enumeration set is determined and
the best of the three algorithms in HDI, HTO, HSN, and the
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top-ranked edges obtained by the rank aggregation algorithm
is selected. The enumeration set is enumerated one by one in
the group, and the best edge set in the group is entered into
the queue, and the cycle continues so that the edge set is en-
tered into the queue until the condition is satisfied. Compared
with direct enumeration, RAEEC can greatly reduce the time
complexity. The set of attack edges obtained at the same time
combines the advantages of all three methods, HDI, HTO, and
HSN, under different attack strengths, and the results are better
than all the three methods.

Extensive experiments have been conducted on synthetic
networks, and the results show that the elite edge sets obtained
by RAEEC are superior to the three methods of HDI, HTO,
and HSN, and their time complexity is not significantly dif-
ferent. Moreover, the time complexity of RAEEC is greatly
reduced compared to evolutionary algorithms, etc.
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