
Chapter 5

MNERLP-MUL: Merged Node and

Edge Relevance based Link Prediction

in Multiplex Networks

In the previous chapter, an attempt was made to perform link prediction on multiplex

networks using influence spread across multi-hop paths between nodes. Though the

3-degree of influence phenomenon leads to taking into account paths as long as six hops,

the node’s role in the entire graph structure is not taken into account. In order to improve

upon this issue, in this chapter, we attempt to combine node and edge relevance to

enhance link prediction in multiplex networks and propose a method called Merged

Node and Edge Relevance based Link Prediction in Multiplex Networks

(MNERLP − MUL). This method follows the quasi-local information-based link

prediction template, which attempts to find a trade-off between local (edge relevance)

and global (node relevance) information. In this chapter1, it is theorized that to

accurately perform this link prediction, the relevance of both the edges as well as the

nodes has to be taken into account.

1Published in Journal of Computational Science, DOI:https://doi.org/10.1016/j.jocs.2022.101606
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5.1 Introduction

This chapter proposes a link prediction method on multiplex networks based on the

combined relevance of nodes and edges present on indirect paths between nodes

(common neighbor-based or 1-hop paths). The primary motivation behind the

MNERLP−MUL method is to use both local (edge relevance) and global information

(node relevance) to perform link prediction. This is the principle behind quasi-local

information-based link prediction methods in simple graphs, which attempt to combine

the best characteristics of both local and global methods to perform more accurate link

prediction. A density-based aggregation model is used to generate a summarized

weighted graph from all the layers of the multiplex network. The inspiration for the

MNERLP−MUL method is based on the fact that quasi-local similarity methods, which

make use of regional information at a larger scale than ones based on immediate local

regions, are shown to be more accurate in the case of simple single-layered networks.

Based on the 3 Degree of Influence Phenomenon (Christakis and Fowler[28, 29]), we

believe that the overall relevance of an edge is primarily a function of local information

such that nodes only influence it in its 3-hop neighborhood. On the other hand, node

relevance is modeled as dependent on global information, which is influenced by the

contribution of the node on the shortest paths between all nodes (centralities). Finally,

based on edge and node relevance, an adequate score is assigned to the possibility of a

link between unconnected nodes.

5.1.1 Edge Relevance - Local 3 Degree of Influence Model

The literature states that the influence of a node is spread to 3 hops from its origin

(Christakis and Fowler[28, 29]), hence different levels of edge influence of a node A are

considered as Level-1(A), Level-2(A), Level-3(A), Level-4(A) and Level-5(A) as shown

in Fig.5.1 (represented by Lev.1, Lev.2, Lev.3, Lev.4 and Lev.5 in figure respectively).

Level-1(A) are the edges connecting A with its direct neighbors (A-B, A-C, A-D) while
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FIGURE 5.1: Edge level network structure of node A (Lev.1 is Level-1(A) and so on and
so forth) demonstrating the influence node A exerts on edges 3 hop distances away from

it.

Level-2(A) are edges between these direct neighbors (C-D). Level-3(A) are edges

connecting direct neighbors with their indirect counterparts (B-G, C-E, C-F) while

Level-4(A) are those between indirect neighbors (E-F). All the edges at a distance of 3

hops from A which do not belong to Level-4(A) are considered as the last circle

Level-5(A) (E-H). The region of 3 hops from the node A is considered following the

principle of three degrees of influence ([142]). Within this region, the product of

importance and existing edge weight is used to quantize the influence of each particular

level of ego network such that edges belonging to Level-1(A), Level-2(A), Level-3(A),

Level-4(A) and Level-5(A) each have influence equal to 5∗W,4∗W,3∗W,2∗W,1∗W

respectively such that W is the weight of the edge under consideration.

5.1.2 Node Relevance - Global Centrality Model

To measure node relevance of each node, centrality measure is used. Three popular

centrality measures have been used to compare and contrast the performance of

MNERLP−MUL approach which are calculated using different variations of shortest
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path distances between nodes. The centrality measure taken into consideration are as

follows:

• Closeness Centrality - Closeness centrality (Freeman[163]) of a node x is the

reciprocal of average shortest distance from a particular node to all other reachable

nodes of the graph. Here dist(x,a) is shortest distance between x&a and n is total

number of nodes in graph G(V,E).

CC(x) =
n−1

∑a∈V ̸=x dist(x,a)
(5.1)

• Betweenness Centrality - Betweenness centrality (Brandes[164]) of a node x is the

sum of fraction of all pair shortest paths which pass through that particular node.

Here γ(a,b) is the number of shortest paths between a&b and γ(a,b∥x) is the

number of those shortest paths in which x exists.

BC(x) = ∑
a,b∈V

γ(a,b | x)
γ(a,b)

(5.2)

• Harmonic Centrality - Harmonic centrality (Boldi and Vigna[165]) of a node x is

the sum of reciprocal of shortest path distances from the node x to all other nodes

of the graph.

HC(x) = ∑
a∈V ̸=x

1
dist(a,x)

(5.3)

5.2 Proposed Work

In this section, the proposed framework MNERLP−MUL is discussed, which takes

multi-interaction networks and uses merged node and edge based link prediction

framework to predict missing links in these multiplex networks. The proposed

framework is shown in Fig.5.2. The proposed algorithm, MNERLP−MUL, consists of

three basic steps -
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FIGURE 5.2: MNERLP−MUL Framework demonstrating the overall structure of link
prediction workflow.

• In the first step, we attempt to collate the dis-separate information from all layers

into one summarized weighted graph. An aggregation model is modified to

consider the differences in overall edge densities between layers as discussed in

Section 5.2.1.

• Secondly, the edge relevance of existing edges is calculated (using 3 Degree of

Influence theory as mentioned in Section 5.1.1) and node relevance (centrality

measures as mentioned in Section 5.1.2) based on the current state of graph

GMNERLP as discussed in Section 5.2.2.

• The third step is to calculate the likelihood score of non existing edges using the

edge and node relevance calculated in the previous step as discussed in Section

5.2.3.

5.2.1 Network Summarization

In MNERLP−MUL approach, weights have been used to represent density dissimilarities

between layers and weights also help in the nuanced transposition of edge probabilities

from the summarized graph to actual layers. Network summarization is, in MNERLP−

MUL framework, the process of coupling multi interaction (multiplex) networks into a

single weighted network. A topological integration approach has been used to form such

a weighted network. Therefore, connection strength AM(x,y) of any existing edge (x,y)
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in such network can be computed using Equation 5.4 [162]. Combining all edges which

have some connection strength into a single graph, the graph GM is produced.

AM(x,y)← 1
n

n

∑
j=1
{A j | A j = [a j

xy]|V |×|V |} (5.4)

where,

a j
xy←

1 if ∃(x,y) ∈ E j, j ∈ [1,n]

0 otherwise

For the approach in MNERLP−MUL, a slightly modified method is proposed that

considers relative densities of the layers amongst themselves. Its is theorized that using

this in combination with a suitable calculation method at the time of re-transforming

summarized graph probabilities to the original layers can achieve better results. The two

introduced parameters for layer fusion (packing) and likelihood transposition

(unpacking) are defined in Equations 5.5 and 5.6.

P( j)← 1
| E j |

(5.5)

UP( j)←
| EGMNERLP | − | E j |
| EGMNERLP |

(5.6)

The graph GMNERLP will be the same as GM, where nodes in these graphs have an edge

if any of the layers have the same edge. The modified summarized weight matrix is as

follows -

AMNERLP(x,y)←
1
n

n

∑
j=1

(
{A j | A j = [a j

xy]|V |×|V |}∗P( j)
)

(5.7)
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5.2.2 Edge and Node Relevance Calculation

In Section 5.1.1 the discussion is on how the contributive effect of node influence spreads

to the edges in its vicinity. Different levels of edge sets and quantified the effect of node

on them have been shown, even when it is not directly edge adjacent (correlating nodes

and edges using 3 Degree of Influence theory). When the cumulative effect of all nodes

is taken into consideration, the total relevance of an edge (a,b) can be calculated with

weight w using the following equation -

ER(a,b) = ∑
n∈V

Level−Score(a,b,n) (5.8)

such that,

Level−Score(a,b,n) =



5∗w, iff (a,b) ∈ Level−1(n)

4∗w, iff (a,b) ∈ Level−2(n)

3∗w, iff (a,b) ∈ Level−3(n)

2∗w, iff (a,b) ∈ Level−4(n)

1∗w, iff (a,b) ∈ Level−5(n)

0,otherwise

(5.9)

For measuring the effect of node relevance a quantitative method has been used where

node relevance is calculated using the centrality measure value of node in graph. Different

shortest path-based centrality measures have been used (as shown in Section 5.1.2) and

the node relevance for node x can be computed as -

NR(x) =


CC(x), iff Centrality←Closeness

BC(x), iff Centrality← Betweenness

HC(x), iff Centrality← Harmonic

(5.10)
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5.2.3 Likelihood score Computation

The likelihood of edge existence can be determined by collective effect of common

neighbors on unconnected edges. This effect is divided in two separate parts i.e., node

relevance based on the common neighbor themselves and edge relevance based on the

effect of connecting edges between common neighbor and target nodes. Also two

parameters are introduced which represent the relative weightage of node and edge

relevance to the final link likelihood. The likelihood score LI(u,v) of non-existing link

u,v to predict missing link can be computed as follows using merged node and edge

relevance.

LI(u,v)← ∑
z∈N(u)∩N(v)

(
MRCN(u,z,v)

∑x∈N(z)MRCNIN(z,x)

)
(5.11)

where MRCN&MRCNV i.e., merged relevance based on single common neighbor and

merged relevance based on common neighbor vicinity is,

MRCN(a,b,c)←
(
(ER(a,b)+ER(b,c))α ∗NR(b)β

)
,

i f f b ∈ N(a)∩N(c)
(5.12)

MRCNV (d)← ∑
e∈N(d)

MRCNV (d,e) = ∑
e∈N(d)

(
ER(d,e)α ∗NR(e)β

)
(5.13)

Finally this likelihood score or probability of an edge existing in the summarized weighted

graph can be used to calculate probability of an edge in a particular layer by -

LI j(a,b)← LI(a,b)∗UP( j) (5.14)
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Algorithm 3: MNERLP-MUL: Merged Node and Edge Relevance based Link
Prediction in Multiplex Networks
Input: Social Networks: Gi(V,Ei)
Output: Likelihood Index: LI

1 ▷ Network Integration
2 Create a multiplex network AMNERLP from n different interaction networks on same

user set using Equation 5.7
3 ▷ Edge Relevance
4 Calculate Edge Relevance of existing edges using collective effect of 3 Degree of

Influence of all nodes of graph ER by Equation 5.8
5 ▷ Node Relevance
6 Calculate Node Relevance of all nodes of graph NR by Equation 5.10
7 ▷ Merged Node and Edge Relevance based Computation Likelihood Index

Computation
8 LI|V |∗|V |← 0
9 for each non-existing link (u,v) /∈ E do

10 ▷ LI[u][v] likelihood score of non-existing pair (u,v) calculated using Equation
5.11

11 for each common neighbor z of (u,v) do
12 Calculate MRCN(u,z,v) using Equation 5.12
13 MRCNV (z)← 0
14 for each neighbor x of z do
15 MRCNV (z) = MRCNV (z)+MRCNV (z,x)) using Equation 5.13

16 LI[u][v] = LI[u][v]+ MRCN(u,z,v)
MRCNV (z)

17 Return LI;

5.2.4 MNERLP−MUL Algorithm with an illustrative example

The Algorithm 3 demonstrates how the likelihood score matrix is calculated for graph

GMNERLP. The input to the algorithm is the layer graphs Gi | i ∈ (1,n). The output is

likelihood matrix of dimension |V | ∗ |V | such that |V | is number of nodes in GMNERLP.

The algorithm can be divided into three major modules - initialization and graph

summarization (lines 1-2), edge and node relevance calculation using summarized graph

(lines 3-6) and lastly the calculation of likelihood score for non existent edges (lines

7-17). An empty matrix LI is defined in line 8 and each cell corresponds to a

non-existent edge of graph GMNERLP. For single non-existent edge, the effect of all

common neighbors is calculated in lines 11-15 and LI[u][v] is appropriately amended in
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FIGURE 5.3: Example graph of MNERLP−MUL based link prediction for calculation
of LI(X ,Y )

line 16. The final likelihood matrix must be normalized before calculation of final layer

specific probabilities.

Fig 5.3 shows a demonstrative example of link prediction using MNERLP−MUL

between nodes X&Y . It is assumed here that edge based relevance ER(n1,n2) (which is a

representation of edge importance using local information of nodes n1&n2) and node

relevance NR(n) (which is representation of node importance calculated using global

information for node n) is already calculated. For example, to calculate ER(X ,1), it can

be seen (as relative to nodes of graph) that edge X − 1 is part of Level − 1(X),

Level− 1(1), Level− 3(3), Level− 3(4), Level− 5(5), Level− 5(6) and Level− 3(Y ).

All these relevant node influences (Equation 5.9) are combined to calculate ER(X ,1)

(Equation 5.8). This notation form is explained in Section 5.1.1. NR(n) is calculated

using Equation 5.10 such that the whole graph structure (global information) is used for

its calculation. Now for calculation of link likelihood between nodes X&Y we refer first

to common neighbors of these nodes, i.e., nodes 1&2. The merged relevance of these

nodes (line 7 and 10 of Algorithm 3) will be summed up to calculate final LI(X ,Y ). The

merged relevance of node 1 has two components - MRCN(X ,1,Y ) (using edges

X −1&Y −1 as well as the node itself) and MRCNV (1) the overall contribution of node 1

with respect to its neighbors (nodes 3,4,X ,Y ). MRCN(X ,1,Y ) is calculated using

Equation 5.12 and MRCNV (1) is calculated using Equation 5.13. MRCN(X ,1,Y )
MRCNV (1)

is the

current contribution of node 1 to LI(X ,Y ) (line 11 of Algorithm 3). Similar procedure is

followed for node 2. The total calculation of final LI(X ,Y ) is given in Equation 5.15.
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LI(X ,Y ) =
MRCN(X ,1,Y )

MRCNV (1)
+

MRCN(X ,2,Y )
MRCNV (2)

(5.15)

where,

MRCN(X ,1,Y ) =
(
ER(X ,1)+ER(1,Y )

)α ∗NR(1)β

MRCN(X ,2,Y ) =
(
ER(X ,2)+ER(2,Y )

)α ∗NR(2))β

MRCNV (1) = ∑
n1∈{3,4,X ,Y}

(
ER(1,n1)

α ∗NR(n1)
β

)
MRCNV (2) = ∑

n2∈{5,X ,Y}

(
ER(2,n2)

α ∗NR(n2)
β

)
(5.16)

5.3 Performance Analysis

5.3.1 Parameter Variation Comparison

In this section, the comparison of the performance of the MNERLP−MUL algorithm is

shown for different values of α&β parameters, which represent the relative weightage of

edge and node relevance to the final likelihood calculation. In Fig.5.4, it is observed that

in all datasets except CKM-Physicians-Innovation, the best AUC values are encountered

when β = 1.0. For α , they correspond to a range of 0.0 − 0.4. For the

CKM-Physicians-Innovation dataset, though the best value of AUC is seen at β = 0.8

and α remains similar to the other three datasets at 0.2. A similar pattern is observed in

Fig.5.5 and Fig.5.6 for balanced accuracy score and F1 score heatmaps. Hence, the best

combination is α = 0.2 and β = 1.0. In the experiments of this section, closeness

centrality has been used as the measure for node relevance.
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FIGURE 5.4: Heatmap of AUC variation of MNERLP−MUL algorithm’s performance
with respect to α & β with Ratio of testing to total edges averaged over range 0.1−0.5
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FIGURE 5.5: Heatmap of Balanced Accuracy score variation of MNERLP−MUL
algorithm’s performance with respect to α & β with Ratio of testing to total edges

averaged over range 0.1−0.5
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FIGURE 5.6: Heatmap of F1 score variation of MNERLP − MUL algorithm’s
performance with respect to α & β with Ratio of testing to total edges averaged over

range 0.1−0.5

5.3.2 Algorithm Variation Comparison

Three different centrality measures have been used (as described in Section 5.1.2) as a

benchmark for measuring node relevance. These centrality measures take the entire

structure of the graph into account but are not very complex because they use the shortest

paths between nodes for calculation purposes. Based on these measures, three possible

algorithm variations MNERLP − MUL have been created, which are

MNERLP−CLOSE, MNERLP− BETWEEN, and MNERLP− HARMONIC. The

relative performance of these variations is compared with each other. The parameters are

fixed as α = 0.2 and β = 1.0 based on results of Section 5.3.1.
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FIGURE 5.7: Graphs of AUC variation of MNERLP−MUL algorithm’s performance
with respect to different Node Relevance (Centrality) variations

5.3.2.1 Analysis of AUC pattern on different algorithm variations

Fig.5.7 compares different algorithm variations on four datasets based on AUC. In all

four datasets, it is observed that MNERLP − CLOSE is slightly better than

MNERLP−BETWEEN in most cases. However, with the increase in the Ratio variable,

the decrease in performance of MNERLP − CLOSE is linear, while in

MNERLP−BETWEEN, it is more gradual. MNERLP−HARMONIC algorithm has

the worst performance in all datasets except in CKM-Physicians-Innovation, where all

three variations have comparable performance. The overall pattern is a decrease in AUC

values with an increase in the Ratio variable.
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FIGURE 5.8: Graphs of Balanced Accuracy score variation of MNERLP −MUL
algorithm’s performance with respect to different Node Relevance (Centrality) variations

5.3.2.2 Analysis of Balanced Accuracy score pattern on different algorithm

variations

Fig.5.8 compares different algorithm variations on four datasets based on the Balanced

Accuracy score. In all four datasets, it is observed that MNERLP−CLOSE is slightly

better than MNERLP−BETWEEN in most cases. However, with the increase in the

Ratio variable, the decrease in performance of MNERLP−CLOSE is linear, while in

MNERLP−BETWEEN, it is more gradual. MNERLP−HARMONIC algorithm has the

worst performance in all datasets except in CKM-Physicians-Innovation, where all three

variations have comparable performance. The overall pattern is a decrease in Balanced

Accuracy score values with the increase in the Ratio variable.
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FIGURE 5.9: Graphs of F1 score variation of MNERLP−MUL algorithm’s performance
with respect to different Node Relevance (Centrality) variations

5.3.2.3 Analysis of F1 score pattern on different different variations

Fig.5.9 compares different algorithm variations on four datasets in terms of F1 score.

The overall pattern is an increase in F1 score values with the increase in the Ratio

variable, but the rate of increase decreases gradually. In all four datasets, it is observed

that MNERLP−CLOSE and MNERLP−BETWEEN have comparable performance in

most cases. MNERLP − HARMONIC algorithm has the worst performance in all

datasets except in CKM-Physicians-Innovation, where all three variations have

comparable performance. Using the results of this Section 5.3.2, we can use either

MNERLP−CLOSE or MNERLP− BETWEEN, but MNERLP−CLOSE is chosen

because of its relatively better complexity for computation. From henceforth

MNERLP−CLOSE with α = 0.2 and β = 0.1 is referred to as MNERLP−MUL.
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5.3.3 MNERLP−MUL comparison with link prediction methods on

summarized weighted graph

Table 5.1 compares the proposed MNERLP−MUL algorithm with baseline methods for

the AUC metric. MNERLP−MUL is the best-performing algorithm in all four datasets.

The difference is quite drastic for Ratio values in the 0.1− 0.3 range, while for higher

Ratio values, MNERLP−MUL is still the best algorithm but with relatively reduced

improvement. Overall AUC value decreases with an increase in the Ratio variable. Table

5.2 compares the proposed MNERLP−MUL algorithm with baseline methods for the

Balanced Accuracy score. MNERLP−MUL is the best-performing algorithm in all four

datasets. The difference is quite drastic for Ratio values in the 0.1−0.3 range, while for

higher Ratio values, MNERLP−MUL is still the best algorithm but with relatively

reduced improvement. Overall Balanced Accuracy score value decreases with an

increase in the Ratio variable. Table 5.3 compares the proposed MNERLP−MUL

algorithm with baseline methods for the F1 score. MNERLP − MUL is the

best-performing algorithm in all four datasets. The difference is quite drastic for Ratio

values in the 0.3−0.5 range, while for lower Ratio values, MNERLP−MUL is still the

best algorithm but with relatively reduced improvement. Overall F1 score value

increases with an increase in the Ratio variable.

5.3.4 MNERLP−MUL comparison with multiplex link prediction

methods on individual layers

This section presents the results of the MNERLP−MUL algorithm on application to

specific multiplex network layers. Tables 5.4 and 5.5 compare the proposed

MNERLP − MUL algorithm with baseline methods for the AUC metric.

MNERLP−MUL is the best-performing algorithm in all four datasets across all layers

when compared with other weighted link prediction algorithms. The difference in the

AUC value between the MNERLP−MUL algorithm and the other baseline weighted



Chapter 5. MNERLP-MUL 118

T
A

B
L

E
5.1:

C
om

parison
ofthe

proposed
algorithm

M
N

E
R

LP
−

M
U

L
w

ith
baseline

algorithm
s

in
term

s
ofA

U
C

on
fourdatasets

and
five

R
atio

values
fortesting

to
totaledges

percentage

D
A

TA
SE

T
R

atio
C

N
-W

T
JC

-W
T

PA
-W

T
A

A
-W

T
R

A
-W

T
C

C
-W

T
L

O
C

A
L

P-W
T

M
N

E
R

L
P-M

U
L

V
ickers-C

han-7thG
raders

0.1
0.60004

0.59855
0.5882

0.6042
0.60601

0.61182
0.59973

0.78879
0.2

0.59655
0.59499

0.58393
0.60335

0.60082
0.62067

0.59657
0.77604

0.3
0.5934

0.58616
0.58152

0.59996
0.59932

0.59138
0.58837

0.75642
0.4

0.59101
0.58617

0.5792
0.59835

0.59769
0.5651

0.58289
0.72095

0.5
0.59345

0.57801
0.57719

0.59467
0.591

0.54715
0.57768

0.69706

K
apferer-Tailor-Shop

0.1
0.57837

0.57561
0.56307

0.57918
0.58087

0.52853
0.58095

0.75599
0.2

0.57939
0.56826

0.56007
0.57907

0.58016
0.53631

0.57299
0.73751

0.3
0.57816

0.56667
0.56138

0.57852
0.58157

0.54292
0.5703

0.71491
0.4

0.57999
0.56725

0.56024
0.57777

0.58211
0.53724

0.56612
0.69164

0.5
0.57144

0.56681
0.55963

0.57288
0.57755

0.52632
0.56122

0.65686

L
azega-L

aw
-Firm

0.1
0.58327

0.58782
0.55056

0.58688
0.58607

0.57482
0.58132

0.79472
0.2

0.58353
0.58566

0.55052
0.58489

0.58376
0.55568

0.57896
0.78692

0.3
0.58237

0.58298
0.54895

0.58533
0.58243

0.56236
0.57789

0.76985
0.4

0.582
0.58082

0.5468
0.58114

0.58263
0.55356

0.57243
0.75158

0.5
0.57966

0.57794
0.54573

0.58069
0.58276

0.53781
0.56917

0.7245

C
K

M
-Physicians-Innovation

0.1
0.66847

0.66582
0.52354

0.67257
0.67278

0.45184
0.68244

0.83587
0.2

0.65265
0.65394

0.52239
0.65454

0.65404
0.46218

0.67573
0.80663

0.3
0.6342

0.63574
0.52118

0.63361
0.63369

0.47388
0.66009

0.76035
0.4

0.61288
0.60942

0.52056
0.61248

0.61329
0.48131

0.64074
0.72673

0.5
0.59027

0.58902
0.51964

0.58904
0.58998

0.49674
0.61602

0.68041



Chapter 5. MNERLP-MUL 119

TA
B

L
E

5.
2:

C
om

pa
ri

so
n

of
th

e
pr

op
os

ed
al

go
ri

th
m

M
N

E
R

LP
−

M
U

L
w

ith
ba

se
lin

e
al

go
ri

th
m

s
in

te
rm

s
of

B
al

an
ce

d
A

cc
ur

ac
y

sc
or

e
on

fo
ur

da
ta

se
ts

an
d

fiv
e

R
at

io
va

lu
es

D
A

TA
SE

T
R

at
io

C
N

-W
T

JC
-W

T
PA

-W
T

A
A

-W
T

R
A

-W
T

C
C

-W
T

L
O

C
A

L
P-

W
T

M
N

E
R

L
P-

M
U

L

V
ic

ke
rs

-C
ha

n-
7t

hG
ra

de
rs

0.
1

0.
56

59
7

0.
54

16
9

0.
55

34
9

0.
58

43
6

0.
58

25
2

0.
58

75
0.

56
00

1
0.

73
03

9
0.

2
0.

57
45

2
0.

55
05

6
0.

55
83

2
0.

59
17

6
0.

59
52

3
0.

59
20

5
0.

57
17

4
0.

71
98

2
0.

3
0.

58
67

7
0.

55
88

1
0.

57
01

5
0.

59
97

8
0.

59
85

5
0.

56
76

1
0.

57
57

7
0.

70
69

0.
4

0.
58

63
6

0.
56

69
5

0.
56

55
4

0.
59

86
7

0.
60

11
6

0.
54

42
8

0.
58

03
3

0.
66

88
7

0.
5

0.
58

64
3

0.
56

18
2

0.
57

64
7

0.
59

71
6

0.
58

69
4

0.
53

87
9

0.
57

44
9

0.
64

99
9

K
ap

fe
re

r-
Ta

ilo
r-

Sh
op

0.
1

0.
54

74
1

0.
53

33
8

0.
54

90
4

0.
56

16
1

0.
56

03
5

0.
51

31
4

0.
55

06
5

0.
69

76
3

0.
2

0.
55

85
6

0.
54

18
4

0.
54

90
4

0.
56

68
1

0.
56

80
8

0.
52

59
1

0.
55

28
9

0.
68

31
6

0.
3

0.
56

29
5

0.
54

61
2

0.
55

57
9

0.
57

15
5

0.
57

77
4

0.
52

31
6

0.
55

99
0.

67
22

2
0.

4
0.

56
91

8
0.

55
53

8
0.

56
16

4
0.

57
22

9
0.

58
01

6
0.

52
91

5
0.

56
19

1
0.

64
92

3
0.

5
0.

56
38

3
0.

55
40

8
0.

56
10

6
0.

56
92

0.
57

18
9

0.
51

92
9

0.
56

08
0.

61
95

2

L
az

eg
a-

L
aw

-F
ir

m

0.
1

0.
56

36
5

0.
54

6
0.

53
97

4
0.

56
83

8
0.

56
65

0.
55

18
8

0.
56

11
1

0.
70

59
1

0.
2

0.
57

04
9

0.
55

12
5

0.
54

06
6

0.
57

21
8

0.
56

98
1

0.
54

06
7

0.
56

48
5

0.
71

17
8

0.
3

0.
57

15
2

0.
55

56
2

0.
54

28
7

0.
57

50
9

0.
57

34
6

0.
54

32
0.

56
89

4
0.

70
57

1
0.

4
0.

57
51

6
0.

56
05

2
0.

54
34

2
0.

57
43

5
0.

57
66

9
0.

54
14

3
0.

57
05

7
0.

69
18

4
0.

5
0.

57
15

8
0.

55
95

6
0.

54
38

5
0.

57
64

7
0.

57
46

9
0.

52
86

9
0.

57
31

4
0.

66
89

C
K

M
-P

hy
si

ci
an

s-
In

no
va

tio
n

0.
1

0.
66

38
1

0.
66

19
4

0.
52

85
3

0.
66

78
9

0.
66

80
8

0.
46

23
8

0.
66

99
0.

82
01

9
0.

2
0.

64
94

9
0.

65
10

5
0.

52
74

9
0.

65
14

1
0.

65
07

1
0.

46
45

8
0.

66
18

4
0.

79
54

0.
3

0.
63

22
3

0.
63

41
1

0.
52

66
5

0.
63

15
1

0.
63

16
0.

47
83

6
0.

65
22

8
0.

75
36

5
0.

4
0.

61
17

0.
60

86
5

0.
52

22
2

0.
61

12
1

0.
61

21
4

0.
48

31
6

0.
63

68
2

0.
72

28
2

0.
5

0.
58

96
7

0.
58

87
5

0.
52

27
6

0.
58

84
2

0.
58

93
8

0.
49

02
6

0.
61

42
6

0.
67

87
9



Chapter 5. MNERLP-MUL 120

T
A

B
L

E
5.3:

C
om

parison
ofthe

proposed
algorithm

M
N

E
R

LP
−

M
U

L
w

ith
baseline

algorithm
s

in
term

s
ofF1

score
on

fourdatasets
and

five
R

atio
values

fortesting
to

totaledges
percentage

D
A

TA
SE

T
R

atio
C

N
-W

T
JC

-W
T

PA
-W

T
A

A
-W

T
R

A
-W

T
C

C
-W

T
L

O
C

A
L

P-W
T

M
N

E
R

L
P-M

U
L

V
ickers-C

han-7thG
raders

0.1
0.24939

0.23046
0.23856

0.26631
0.26443

0.26763
0.24456

0.38672
0.2

0.36801
0.34887

0.35126
0.38635

0.38963
0.3964

0.36634
0.53331

0.3
0.43959

0.4192
0.42053

0.4525
0.44969

0.44224
0.42935

0.59518
0.4

0.47248
0.45981

0.45382
0.4817

0.48313
0.45652

0.46641
0.58789

0.5
0.48319

0.4722
0.48057

0.4904
0.47738

0.48124
0.47389

0.58662

K
apferer-Tailor-Shop

0.1
0.13998

0.13203
0.14099

0.14865
0.14799

0.12286
0.1416

0.22318
0.2

0.23578
0.22297

0.22674
0.24311

0.24436
0.21383

0.23101
0.34446

0.3
0.30037

0.28621
0.29205

0.30797
0.31514

0.27168
0.29762

0.41618
0.4

0.34681
0.33627

0.33903
0.34762

0.35813
0.32355

0.33991
0.44729

0.5
0.36525

0.36176
0.36781

0.3685
0.37253

0.34197
0.36399

0.44852

L
azega-L

aw
-Firm

0.1
0.1418

0.13149
0.12852

0.14448
0.14351

0.13363
0.14007

0.20773
0.2

0.23886
0.22318

0.21403
0.2404

0.23829
0.21643

0.23399
0.34766

0.3
0.3031

0.28959
0.27539

0.3069
0.30494

0.28335
0.30104

0.43474
0.4

0.35138
0.33946

0.31899
0.34988

0.35287
0.32916

0.3474
0.48389

0.5
0.37652

0.36942
0.35327

0.38214
0.38008

0.35028
0.38051

0.50254

C
K

M
-Physicians-Innovation

0.1
0.04034

0.04008
0.00759

0.04115
0.04119

0.0053
0.03539

0.03954
0.2

0.07818
0.07873

0.01487
0.07865

0.07841
0.0105

0.06691
0.07963

0.3
0.1122

0.11308
0.02206

0.11184
0.11269

0.01678
0.0941

0.11601
0.4

0.13835
0.13548

0.02836
0.1381

0.13892
0.02258

0.11737
0.15365

0.5
0.15519

0.15398
0.03522

0.15187
0.15373

0.02885
0.13946

0.18181



Chapter 5. MNERLP-MUL 121

algorithms decreases with an increase in the Ratio value. In all datasets except

CKM-Physicians Innovation, the improvement in performance over other baseline

methods is quite drastic. In the CKM-Physicians-Innovation dataset, LOCALP−WT is

marginally worse than the MNERLP−MUL method, especially for higher Ratio values.

In this section, the MNERLP−MUL algorithm is also compared with methods explicitly

designed for link prediction in multiplex networks, i.e., NSILR − MUL and

MADM−MUL. MNERLP−MUL is the best performing algorithm in all three datasets

across all layers for Ratio values 0.1− 0.3 and primarily for Ratio = 0.4. The only

notable exception can be seen in layers-1,3 of the Kapferer-Tailor-Shop dataset and

layer-1 of the CKM-Physicians-Innovation dataset, where NSILR − MUL and

MADMLP−MUL perform better than MNERLP−MUL algorithm. The difference in

the AUC value between the MNERLP − MUL algorithm and the other baseline

algorithms decreases with an increase in the Ratio value for classical weighted link

prediction methods. For NSILR−MUL and MADMLP−MUL, the pattern of change for

increasing Ratio value is opposite to that of other algorithms, which gives them a higher

performance on fewer edges for any given layer.

Tables 5.6 and 5.7 compare the proposed MNERLP−MUL algorithm with baseline

methods for the Balanced Accuracy score. MNERLP−MUL is the best-performing

algorithm in all four datasets across all layers. The most minor improvement is observed

in the CKM-Physicians-Innovation dataset, similar to the AUC values pattern because of

the dataset’s structure, which has lower densities and clustering coefficients than other

datasets). This also leads to relatively higher average shortest path distances. The overall

pattern in both AUC and Balanced Accuracy score metric is a decrease in the

performance of algorithms with increasing Ratio values. For comparison with

NSILR−MUL and MADMLP−MUL, the MNERLP−MUL algorithm is better than

these baselines for all Ratio values 0.1− 0.3 and primarily for Ratio = 0.4 in all cases

except layer-1 of CKM-Physicians-Innovation and Lazega-Law-Firm and layers-1,3 of

Kapferer-Tailor-Shop. The MNERLP−MUL algorithm gives more false negatives than
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other link prediction algorithms designed for link prediction in multiplex networks (for

0.5 probability threshold).

Tables 5.8 and 5.9 compare the proposed MNERLP−MUL algorithm with baseline

methods for the F1 score. MNERLP−MUL is the best-performing algorithm in all four

datasets across all layers when compared with weighted link prediction methods. The

improvement in the three datasets is quite drastic, with CKM-Physicians-Innovation

being the exception where for higher Ratio values, the performance of the

MNERLP − MUL algorithm is only slightly better than other baseline methods.

Compared with NSILR−MUL and MADMLP−MUL, the MNERLP−MUL algorithm

is better than these baselines for all Ratio values 0.1 − 0.4. The Ratio = 0.5

MNERLP − MUL algorithm performs slightly worse than the algorithm designed

specifically for link prediction in muiltiplex networks. Contrary to the pattern in AUC,

all three NSILR−MUL, MADMLP−MUL, and MNERLP−MUL display an improved

performance with an increase in the Ratio variable.

5.4 Concluding Remarks

In this chapter, a novel method for link prediction in multiplex networks is presented

(MNERLP−MUL) based on merging node and edge relevance to take both local and

global information into account. The proposal aimed to predict links using more

information between nodes (quasi-local approach) and to better predict links in specific

layers from a summarized weighted graph. The edge relevance of existing edges is based

on local information (3-Degree of Influence), while node relevance is based on global

information (centrality measure). The relative contributions of these factors for best link

prediction performance are also explored. The results demonstrate that local

neighborhood-based algorithms take a very restrained view of comprehensive

information to predict edges between nodes, resulting in lower accuracy. We have

improved upon this fact. MNERLP − MUL approach is different from standard
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approaches to link prediction in multiplex networks because an approach with two

characteristics has been developed. First, it can be applied to any weighted graphs

(summarized from a full multiplex graph), and the results can be directly used for link

prediction in all layers of the multiplex network. Another characteristic is that only one

round of link prediction should be performed (non-layer specific). Layer-specific link

likelihoods can be calculated with just a simple multiplication with an unpacking

constant. MNERLP − MUL method outperforms baseline methods used for link

prediction in weighted static networks (including LOCALP−WT , a quasi-local method)

and link prediction methods designed for link prediction in multiplex networks

(NSILR−MUL and MADMLP−MUL).


