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Highlights (for review)

® We present an Improved Eigenvector-based Centrality Measure (IECM) for
temporal networks

® The coupling strength between proximity layers is calculated as the inter-layer
similarity.

® We introduce the TOPSIS method to measure the global performance.

® The inter-layer coupling strength plays an important role for identifying the
influential nodes.
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Abstract

Identifying the influential nodes in temporal networks has attracted lots of attention re-
cently. In this paper, we present an Improved Eigenvector-based Centrality Measures IECM)
for temporal networks by regarding the coupling strength between proximity layers as the
inter-layer similarity. Compared with the results of the nodes’ influences got by tempo-
ral global efficiency for two real networks, the IECM method could identify influential
nodes more accurately than the traditional ECM method. Regarding to the fact that dif-
ferent kinds of measurements have different performances, we introduce the Technique
for Order Preference by Similarity to an Ideal Solution (TOPSIS) method to measure the
global performance. Specially, when the inter-layer coupling strength w set as 1 in the
ECM method, the accuracy could be averagely enhanced 18.75% and 29.65% at each time
layer for Workspace and Enrons datasets respectively, which indicates that measuring the
inter-layer coupling strength plays an important role for identifying the influential nodes.

Key words: Inter-layer similarity, Temporal networks, Eigenvector centrality, Temporal
global efficiency.
PACS: 89.75.Da, 05.10.-a

1 Introduction

Identifying influential nodes of complex networks has attracted plenty of attention
from many branches in scientific community [1,2]. In the last decade, a number
of centrality methods have been proposed to identify the influential nodes, such as
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degree centrality [1], betweenness centrality, eigenvector centrality, closeness cen-
trality, and k-shell decomposition [3]. Liu et al [4] presented a dynamics-sensitive
(DS) centrality by intergrating topological features and dynamical properties. Ren
et al [5] thought the node importance is not only related to the neighbour size, but
also to the clustering coefficient information. Ma et al [6] presented a gravity cen-
trality index to identify the influential spreaders in complex networks inspired by
the idea of the gravity formula. Bao ef al [7] presented a heuristic clustering (HC)
algorithm on influence maximization for multiple spreaders being distributed dis-
persively in networks and avoiding the selected nodes to be very “negligible”. Lii et
al [2] presented a systematic comparison of the centrality methods in the existing
complex networks.

Nevertheless, these existing methods developed for static networks are restricted
to time-independent networks which most real networks belong to. Consequently,
it has become a very active research area to extend the centrality methods to tem-
poral networks. Michalski et al [8] discussed an interesting way of omitting the
time dependence by weighting older paths lighter. Miritello et al [9] proposed a
way of mapping the dynamic SIR model to a static edge percolation model, where
the edge weights of a network whose structure equals that of the aggregated graph
are defined in a way that takes into account the temporal correlations and inho-
mogeneities of edges. Huang er al [10] took into account the network dynamics
and extend the concept of Dynamic-Sensitive centrality to temporal network, and
found that both topological structure and dynamics contribute the impact on the
spreading influence of nodes. Wang et al [11] proposed a Singular Vector of Tensor
(SVT) centrality, which is used to quantitatively evaluate the importance of nodes
connected by different types of links in multilayer networks. The method is fast in
convergence, efficient and robust in identifying the key nodes. However, it requires
a relatively long running time because four quantities need to be calculated.

Taylor et al [12] proposed an Eigenvector-based Centrality Measures (ECM) to
identify influential nodes for temporal networks. They sliced the network, treated
the coupling relationship between the nearest-neighbor time layers as constant pa-
rameter w that be used to tune interactions between adjacent time layers, and then
reshaped the network’s associated adjacency tensor into a supra-adjacency matrix.
However, how to evaluate the inter-layer weights is crucial for the temporal net-
works. Inspired by the idea of two sequential snapshots’ relationship could be
represented by adjacency correlation, we present an Improved Eigenvector-based
Centrality Measures (IECM) for temporal networks by considering the coupling
strength of neighbour layers as inter-layer similarity, also can be named adjacency
correlation. Considering the adjacency correlation calculated by the Pearson corre-
lation, many similarity measurements can also be used to calculate the inter-layer
weights, including Common Neighbour (CN), Salton Index (SAL) [13], Jaccard
Index (JAC) [14] and so on. Then, an improved supra-adjacency matrix can de-
scribe the intra-layer and inter-layer relation for the temporal network. After that,
the eigenvector corresponding to the largest singular value of the improved supra-




adjacency matrix denotes the centrality of each node 7 at each time ¢. In order to
show the result of our improved method more intuitive, we calculate the Kendall’s
7 [15] between our result and the result of the nodes’ influence got by the temporal
global efficiency for two real networks. The Kendall’s 7 can represent the accuracy
of our improved IECM method and the traditional ECM method.

Because of the structural property of the temporal network, the performances of
one special measurement for different snapshots may be different. Considering this
problem, we introduce the Technique for Order Preference by Similarity to an Ideal
Solution (TOPSIS) method [16], which reduce the impact of the extremum to seek
the ideal alternative, to get the best inter-layer similarity measurement. The results
show that our improved method could identify influential nodes more accurately
than the traditional ECM method.

2 Methods

2.1 The traditional Eigenvector-based Centrality Measures

Normally, when a network G = (V, E') with N nodes and E edges has the time
properties, we can name the network as temporal network which can be split into
slices. The traditional ECM method [12] described the temporal network G =
(N, E,T) with N nodes, E edges and T layers into an N7 x« NT supra-adjacency
matrix

AW T 0 .
wl A® I -
A= , (1)
0 wl A® -,

where A® = {al.} represents adjacency matrix at time ¢, a!; indicates the pres-
ence of the edge between node 7 and node j in time layer ¢, a;‘fj = 1 if node i is
connected with node j in time layer ¢, and a;‘fj = 0 otherwise. The parameter w
across all inter-layer edges is known as the inter-layer coupling strength. One can
construe w to tune interactions between network layers. When w — 07, the lay-
ers become uncoupled; otherwise w — o0, the layers are so strongly coupled that
inter-layer weights dominate the intra-layer connections. In this case, the eigen-
vector corresponding to the largest singular value of the supra-adjacency matrix
denotes the centrality of each node ¢ at each time ¢.




2.2 The Improved Eigenvector-based Centrality Measures

In this paper, we present an Improved Eigenvector-based Centrality Measures, namely
IECM method, to identify influential nodes for temporal networks. Unlike the fixed
coupling constant parameter w in ECM method, the IECM method argued the
layer coupling strength should be calculated by inter-layer similarity. Firstly, we
split the network into slices with the rule that the links are classified into a same
layer when the connection happens at the same period of time. Secondly, we re-

gard AW = {al;} as the adjacency matrix at each layer of time ¢, and C(:*1) =

diag(c(lt,t-i—l) C(zt,t—‘rl)’ L C%,tﬂ))
t,t+1)

tandt + 1. cg denotes the similarity of node j for two time layers, say ¢ and
t+ 1. Thirdly, the network is reshaped into an NT'x N'T" supra-adjacency matrix A.
The eigenvector centrality thinks that the influence of a node is not only determined
by the number of its neighbors, but also determined by the influence of each neigh-
bor. So we can get the eigenvector v = {vy, vs, ..., vyr}, which corresponds to the
largest singular value of the supra-adjacency matrix A, and the (N (¢t — 1) + i)-th
element of v denotes the centrality of the node ¢ at time ¢. In this paper, we consider
the condition that the performances of one special measurements for different snap-
shots may be different for the temporal network. Then the TOPSIS method [16] is
introduced to solve this problem, which is developed based on the the idea that the
chosen alternative should have the shortest distance from the positive ideal solution
(PIS) and the farthest distance from the negative ideal solution (NIS).

as the inter-layer similarity between the time layer

Figure 1 is an example of a temporal network with four nodes and three time layers.
The black solid lines denote the intra-layer edges, and black dotted lines are the
inter-layer edges.

G; G> G3

Fig. 1. An example of a temporal network.

In the IECM method, we argue that the node similarity measurements could be
introduced to measure the node correlation for the nodes locating in different con-
nected layers. Taking the Common Neighbour (CN) similarity measurement and
Fig.1 as an example, the details of the [IECM method are:

Stepl: According to the sliced results, let A®) = {al;}, where A") denotes the
adjacency matrix at each layer of time ¢, a;fj indicates the presence of the edge
between node i and node j in time layer ¢, a; = 1 if node 4 is connected with node




J in time layer ¢, and aﬁj = 0 otherwise. Then, the adjacency matrix at time layer 1
can be described as

0011]

0000
AW = : )

1000

(1000]
Step2: Let CHH) = diag(c"™™, ... ¥} where C*** is the inter-layer
similarity between the time layer ¢ and ¢ + 1. cg»t’tﬂ) = Y alajf! denotes the

similarity of node j for two time layers, say ¢ and ¢ -+ 1. So, the C("*?) is shown as

(2000
0000
o2 = : 3)
0010

(0001

Step3: The improved supra-adjacency matrix should be described as

(001120000000 ]
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100000010000
200000111000
A o2
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Step4: The eigenvector corresponding to the largest singular value of the improved
supra-adjacency matrix A denotes the centrality of each node 7 at each time t.



Table 1

Basic statistical features of Workspace and Enrons data sets, /V is the number of nodes, £/
is the number of edges, C is the total interaction times.During denotes the period of time
and T is the number of the time layers.

Data Set N E C During T

Workspace 92 755 9827 2013.06-2013.07 10
Enrons 151 1270 33124 2001.01-2001.12 12

There are many similarity measurements for static networks, which can be defined
based on the network structure. In this paper, we argue that the node similarity
measurements could be introduced to measure the node correlation for the nodes
locating in different connected layers. The simplest method is Common Neighbour
(CN), where the similarity between two nodes are directly given by the number
of common neighbours who have connections with them. Considering the degree
information of two nodes, variations of the CN index have been proposed, includ-
ing the Salton Index (SAL) [13], Jaccard Index (JAC) [14], Srensen Index (SOR)
[17], Hub Promoted Index (HPI) [18], Hub Depressed Index (HDI), Leicht-Holme-
Newman Index (LHN) [19] and Preferential Attachment Index (PA) indices. Instead
of the number of the common neighbours in the CN index, the Adamic-Adar Index
(AA) [20], Resource Allocation Index (RA) [21], the Mass Diffusion (MD) [22],
Heat Conduction (HC) [23]and Improved Heat Conduction (IHC) [24] methods
were presented, regarding the node similarity as the summation of their common
neighbours’ degrees. More detailed introduction is shown in Appendix A.

3 Data and Metric

3.1 Empirical data sets

We investigate the performance of the inter-layer similarity-based eigenvector cen-
trality measures for two empirical data sets: Workspace and Enrons. The Workspace
[25] is a face-to-face interaction network, where regard employees as nodes and
edges set as interactions. The Enrons [26] is an email communication network of
U.S. enterprise with potential anomalous email communications spanning over a
time range of about 3 years(i.e., from 1999 to 2002). In order to perform a monthly-
based analysis, we concentrate on the year 2001 that encompasses the maximum
number of emails. The basic statistical properties of data sets are summarized in
Table 1.




3.2  Evaluation metric

The performance of our method can be measured by the comparison with the nodes’
influences. In this paper, we apply the temporal global efficiency to measure the
nodes’ influences. Following Tang et al [27] proposed the temporal global effi-
ciency, which is defined as

1 1
N(N—1)Zd_’

7 i

E = )

where d;; is the temporal distance (see Appendix B) from node ¢ to node j. High
value of F indicates that the nodes of the graphs can communicate efficiently. When
deleting node ¢ in time layer ¢, we can get the temporal global efficiency F;; at this
time. Then, the change between the temporal global efficient £;; and the original
temporal global efficient £ can denote the nodes influence E!,, which can be cal-
culated as

E!, = |Ey — E|. 6)

Then, the Kendall correlation coefficient [15] is introduced to measure the accu-
racy of our improved method. To calculate the kendall’s 7, one should provide two
sequences data. For each node 7 at the time layer ¢, we regard y;; as its influence
and z;; as the its centrality, the accuracy of the target centrality in evaluating nodes’
influences at each time layer ¢ can be quantified by the Kendall’s 7-b [28], as

Di<j sgn (Y — Yjie) (2ie — th)]

Vn(n =1)/2 = ny)(n(n — 1)/2 = ny)’

where sgn(z) is a piecewise function, when = > 0, sgn(z) = +1; 2 < 0, sgn(z) =
—1; when z = 0, sgn(z) = 0. n is the length of the ranking list. ny = 3, t;(¢t; —
1)/2,n9 = 32, uj(u;—1)/2,t; is the number of the i-th y;, which make sgn(z) = 0,
u; is the number of the j-th z;; which make sgn(z) = 0. 7 measures the correlation
between two ranking lists, whose value is in the range [-1,1] and the larger 7 to the
better performance.

(7

Tt =

Because of the performances of one special measurement for different snapshots
being different, the TOPSIS is introduced. For each inter-layer similarity index a,
we denote £, as its Kendall’s 7-b at each time layer j, creating an evaluation matrix
consisting of 38 alternatives and ¢ criteria. Firstly, determine the best alternative and
the worst alternative as

A =max(kyj |1=1,2,---,m), 8)

J

A7 =min(ky; |1 =1,2,--- ,m). )

Then, we calculate the separation measures, using the n-dimensional Euclidean
distance. The separation of each alternative from the best condition and the worst




is given as

D} = D (kaj — A})?, (10)
j=1

D, = |> (kaj — A7) (11)
j=1

Finally, we rank the alternatives according to the similarity relative closeness to the
worst condition

Co = D /(D}+ D), (12)
where C, = 1 if and only if the alternative solution has the best condition; and
C, = 0 if and only if the alternative solution has the worst condition.

4 Results

We test the performance of IECM method in evaluating the nodes’ influences which
is quantified by the absolute value of the temporal global efficiency’ difference
between the node being deleted and not. Two real networks, including a face-to-
face interaction network and an email communication network, are used for the
empirical analysis. The ECM method is used as benchmark method for comparison.
Here we use Kendall’s 7-b to measure the correlation between nodes’ influences
and the considered centrality method, which is in the range [-1,1] and the larger 7
corresponds to the better performance.

Figure 2 shows the accuracy of the IECM method and ECM method at the different
time layer 7'. The results show that the Kendall’s 7-b of IECM method is almost
better than the traditional ECM method, indicating that the ranking lists generated
by the IECM method could identify the influential nodes more accurately than the
traditional ECM method.
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Fig. 2. (Color online)The accuracy of two centrality measures in evaluating nodes’ influ-
ences in the two real networks, quantified by the Kendall 7 —b when the inter-layer coupling
wis 1.

The more experiments for different inter-layer coupling strength in the traditional
ECM method have been done and the results are shown in Table 2. T is the number




Table 2

The accuracy of different parameter w for the Workspace and Enrons data sets. One can
find that the accuracy almost get the largest values in IECM method.

T

ECM (w)

0.1

0.3

0.5

0.7

0.9 1 2

5

10 30

50

IECM

Workspace

O o0 9 N n kA WD =

—
=)

0.708
0.601
0.612
0.539
0.258
0.350
0.348
0.469
0.452
0.335

0.702
0.601
0.613
0.537
0.259
0.358
0.355
0.469
0.450
0.337

0.699
0.596
0.616
0.534
0.260
0.369
0.366
0.469
0.445
0.333

0.695
0.593
0.624
0.529
0.265
0.390
0.378
0.469
0.442
0.334

0.686 0.686 0.645
0.588 0.586 0.579
0.625 0.627 0.623
0.526 0.524 0.475
0.270 0.275 0.275
0.412 0.419 0.423
0.384 0.385 0.362
0.475 0.477 0.485
0.434 0.432 0.363
0.327 0.325 0.274

0.505
0.550
0.588
0.380
0.215
0.377
0.317
0.430
0.247
0.193

0.379 0.247
0.473 0.366
0.530 0.454
0.306 0.228
0.171 0.130
0.335 0.279
0.277 0.229
0.392 0.329
0.176 0.098
0.169 0.131

0.215
0.327
0.425
0.208
0.123
0.261
0.212
0.310
0.075
0.122

0.691
0.632
0.726
0.501
0.507
0.459
0.385
0.517
0.491
0.493

Enrons

—_

O o0 9 O »n B~ W

10
11
12

0.557
0.596
0.557
0.424
0.305
0.313
0.489
0.314
0.381
0.078
0.165
0.200

0.661
0.603
0.557
0.423
0.303
0.313
0.490
0.314
0.380
0.078
0.164
0.200

0.661
0.602
0.556
0.422
0.299
0.311
0.489
0.313
0.379
0.079
0.163
0.199

0.659
0.600
0.554
0.421
0.297
0.310
0.487
0.312
0.378
0.079
0.162
0.197

0.658 0.657 0.645
0.596 0.595 0.577
0.554 0.553 0.542
0.419 0.417 0.407
0.292 0.290 0.265
0.310 0.310 0.305
0.486 0.485 0.479
0.309 0.309 0.302
0.379 0.378 0.371
0.081 0.081 0.091
0.161 0.162 0.154
0.198 0.198 0.188

0.606
0.528
0.516
0.375
0.217
0.280
0.455
0.282
0.360
0.109
0.138
0.170

0.547 0.452
0.474 0.373
0.493 0.436
0.355 0.326
0.177 0.135
0.258 0.232
0.430 0.392
0.266 0.245
0.329 0.282
0.120 0.109
0.123 0.082
0.159 0.128

0.398
0.322
0.407
0.308
0.124
0.222
0.374
0.224
0.267
0.097
0.061
0.115

0.798
0.719
0.745
0.595
0.412
0.475
0.505
0.383
0.405
0.083
0.205
0.349

of the time layer

Finally,as shown in Fig.3, the improved ratio 1 of Kendalls 7-b generated by the
IECM method comparing with the results of the ECM method is almost larger than
0, indicating that the IECM method performs better than the ECM method. The



improved ratio 7 is defined as

— 13)

where 77¢% is Kendalls 7-b of the IECM method, and 7° is Kendalls 7-b obtained
by the ECM method. Clearly, n > 0 indicates an advantage of IECM method. In the
Workspace network, the largest improved ratio 1 generated by w = 1 could reach
84.3% in time layer 5. In the Enrons network, the largest improved ratio 1 generated
by w = 1 could reach 76.27% in time layer 12. Furthermore, we calculated the
mean of the improved ratio 7. In the Workspace network, Kendalls 7-b could be
enhanced 18.75%. In the Enrons network, Kendalls 7-b could be enhanced 29.65%.
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Fig. 3. (Color online)The improved ratio 7 of different time layers 7" in the Workspace and
Enrons networks.

5 Conclusion and discussions

Taking into account the inter-layer similarity of the “identity edges”, we propose
an Improved Eigenvector-based Centrality Measure (IECM) for temporal network
to identify the influential nodes. First, we slice the temporal network according to
time interval. Then, the supra-adjacency matrix could be used to describe the col-
lection of both the temporal network edges (which are intra-layer edges) and the
“identity edges” (which are inter-layer edges) that couple the node-layer pairs (i, t)
for the same physical node 7 across the 7" network layers by inter-layer similarity.
With that, the eigenvectors corresponding to the largest singular value of the supra-
adjacency matrix denotes the centrality of each node ¢ at each time ¢. Finally, we
calculate the kendalls 7 value between the nodes influence got by temporal global
efficiency and the nodes centrality got by supra-adjacency matrix for evaluating the
accuracy of our method. Meanwhile, the TOPSIS method is introduced to deter-
mine the ideal inter-layer similarity measurement. The experimental results for the
empirical networks show that the performance of IECM method can improve larger
than the traditional ECM method.

However, in this paper, the coupling relationship between layers is only limited to
the consideration of two sequential snapshots. In real life, the connection between
the nodes is not only dependent on the information about neighbour layers, but

10




also relies on the multiple segment information in time. Moreover, the research of
this paper only applies to small-scale data, and how to study the case of big data
should be discussed later. And the selection of data sets will have an impact on
the experimental results. In addition, temporal networks have attracted more and
more attention recently. How to design a new iterative resource allocation method
in these networks would be investigated in the future.
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Appendix A: Inter-layer Similarity Measurements

We use k! = alj agf 'Y  al; and ki = abiail ;5 af ! to represent the selection
times of node ¢ in time layer ¢ and ¢ 4 1 respectively. Then, the popularity %;, the
number of nodes that node 7 have selected between two sequential snapshots, can
be got by calculating the minimum(min), maximum(max), summation(sum), aver-
age(mean), multiplied(mul) and the number of the common neighbours between

two sequential snapshots (scn) between k! and k!t

k; = min(k!, kT, (14)
k; = max(k!, ki), (15)

ki = (ki + ki™)/2, (16)

ki = Kk 7

=k} + ki, (18)

ki = ki + kit — Zaw air! (19)

With these defined parameters, the inter-layer similarity measurements referred in
this paper read:

ON : e+ Z atattt, (20)
SAL (t t+1) EZ Z] t+1 (21)
\/[ cal][Ss el
Z t+1
JAC . C('t7t+1) o 3 Z] Z] 7 22
! Z’L ’Lj + Z’L a’t+1 ZZ Z] 5‘7_1 ( )
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t+1
(tt+1) . 221 zg Q;j

SOR : , 23
Zz i + Zz at+1 ( )
2 Z t+1
HPI : ) = 150 24
K min[Y; aU, Yiait] @4
2%, ajjaif’
HDI : (t o) = max[ at LY at+1] (25)
zg?
(t t+1) Z’L i Z‘Fl
LHN : = ot (26)
i z]
PA - (t t+1) Z al; Z at—}—l7 (27)
L) 1
AA Cj = Z @, (28)
1
RA : M — Z E’ (29)
MD : (t t+1) kt Z < (30)
HC ;P = W Z o 31)
1 1
tt+1

Appendix B: Definition of temporal distance

The concept of temporal distance, which is introduced detailed and clear in Ref.
[27], means the fastest possible way from one node to the other nodes. As shown in
Fig.1, we assume that node 1 can start passing the message at time ¢ = 1, and the
message has to be delivered by time ¢ = 3. On graph (G1, node 1 can directly pass
the message to nodes 3 and 4. Then, the temporal distance from 1 nodes 3 or 4 will
be set as 1 for their link in one unit of time. Due to the message from node 1 to 2
should be passed from 1 to 4 in graph G1, and then from node 4 to node 2 in G2,
with their link in two time units, the temporal distance is 2. Temporal distance of
nodes in temporal network of Fig.1 is presented in Table 3. Notice also that, even
if the time-varying graph consists of a sequence of undirected graphs, the temporal
distances are not symmetric for the time order of the links.

References

[1] P. Bonacich, Factoring and weighting approaches to status scores and clique
identification, Journal of Mathematical Sociology 2(1) (1972) 113-120.

12




Table 3
Temporal distance of nodes in temporal network of Fig.1.

Node 1 2 3 4

1 0 2 1 1
2 oo 0 3 2
3 1 3 0 2
4 1 2 2 0

[2] L. Ld, D. Chen, X.L. Ren, Q.M. Zhang, Y.C. Zhang, T. Zhou, Vital nodes identification
in complex networks, Phys. Rep. 650(2016) 1-63.

[3] M. Kitsak, L.K. Gallos, S. Havlin, F. Liljeros, L. Muchnik, H.E. Stanley, H.A. Makse,
Identification of influential spreaders in complex networks, Nat. Phys. 6(11) (2010)
888-893.

[4] J.G. Liu, J.H. Lin, Q. Guo, T. Zhou, Locating influential nodes via dynamics-sensitive
centrality, Sci. Rep. 6 (2016) 21380.

[5S] Z.M. Ren, F. Shao, J.G. Liu, Q. Guo, Node importance measurement based on the
degree and clustering coefficient information, Acta Phys. Sin. 62(12) (2013) 128901.

[6] L.L. Ma, C. Ma, H.F. Zhang, B.H. Wang, Identifying influential spreaders in complex
networks based on gravity formula, Physica A 451 (2016) 205-212.

[7]1 Z.K. Bao, J.G. Liu, H.F. Zhang, Identifying multiple influential spreaders by a heuristic
clustering, Phys. Lett. A 381(11) (2017) 976-983.

[8] R. Michalski, T. Kajdanowicz, P. Brodka, Seed selection for spread of influence in social
networks: Temporal vs. static approach, New Generation Computing 32(3-4) (2014)
213-235.

[9] G. Miritello, E. Moro, R. Lara, Dynamical strength of social ties in information
spreading, Phys. Rev. E 83(4) (2011) 045102.

[10] D.W. Huang, Z.G. Yu, Dynamic-Sensitive centrality of nodes in temporal networks,
Sci. Rep. 7 (2017) 41454.

[11] D. Wang, X. Zou, A new centrality measure of nodes in multilayer networks under the
framework of tensor computation, Applied Mathematical Modelling 54 (2018) 46-63.

[12] D. Taylor, S.A. Myers, A. Clauset, Eigenvector-based centrality measures for temporal
networks, Multiscale Modeling & Simulation 15(1) (2017) 537-574.

[13] L. Hamers, Similarity measures in scientometric research: The Jaccard index versus
Saltons cosine formula, IPM 25(3) (1989) 315-318.

[14] PJ. Etude, Comparative de la distribution florale dans une portion des Alpes et des
Jura, Bull. Soc. Vaud. Sci. Nat 37 (1901) 547-579.

[15] M.G. Kendall, A new measure of rank correlation, Biometrika 30(1/2) (1938) 81-93.

13




[16] A. Assari, T.M. Mahesh, E. Assari, Role of public participation in sustainability of
historical city: usage of TOPSIS method, Indian Journal of Science and Technology
5(3) (2012) 2289-2294.

[17] T.A. Sprense, A method of establishing groups of equal amplitude in plant sociology
based on similarity of species content and its application to analysis of the vegetation
on Danish commons, Biol. Skr 5(4) (1948) 1-34.

[18] E. Ravasz, A.L. Somera, Hierarchical organization of modularity in metabolic
networks, Science 297(5586) (2002) 1551-1555.

[19] E.A. Leicht, P. Holme, M.E.J. Newman, Vertex similarity in networks, Phys. Rev. E
73(2) (2006) 026120.

[20] L.A. Adamic, E. Adar, Friends and neighbors on the web, Soc. Networks 25(3) (2003)
211-230.

[21] T. Zhou,L.Y. Lii, Y.C. Zhang, Predicting missing links via local information, Eur. Phys.
J. B 71(4) (2009) 623-630.

[22] T. Zhou, J. Ren, M. Medo, Y.C. Zhang, Bipartite network projection and personal
recommendation, Phys. Rev. E 76(4) (2007) 046115.

[23] J.G. Liu, T. Zhou, Q. Guo, Information filtering via biased heat conduction, Phys. Rev.
E 84(3) (2011) 037101.

[24] Q. Guo, R. Leng, Heat conduction information filtering via local information of
bipartite networks, Eur. Phys. J. B 85(8) (2012) 286.

[25] M. Genois, C.L. Vestergaard, J. Fournet, Data on face-to-face contacts in an office
building suggest a low-cost vaccination strategy based on community linkers, Network
Science 3(3) (2015) 326-347.

[26] B. Klimt, Y.M. Yang, The enron corpus: A new dataset for email classification
research, European Conference on Machine Learning. Springer, Berlin, Heidelberg
(2004) 217-226.

[27] J. Tang, S. Scellato, M. Musolesi, Small-world behavior in time-varying graphs, Phys.
Rev. E 81(5) (2010) 055101.

[28] A. Agresti, Analysis of ordinal categorical data, John Wiley & Sons 656 (2010).

14




