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Abstract Dynamic graphs are a data structure widely used in representing changeable
relationships or connections between different entities. This paper proposes a novel type of
node similarity, based on the frequency of connections between nodes to describe the
changeable relationships between entities over a period; this has not been considered before
as an indication of similarity between two nodes. In other words, if two entities have a history
of frequent connections, this means that they have something in common and have a durable
relationship. In this paper, durable relationships describe the frequency of connections rather
than only the continuous connection between two nodes. Thus, durable relationships are
defined in two dimensions: (i) In the dimension of time, they can be categorized based on
the length of duration as short-term, medium-term, or long-term relationships; (ii) Based on
frequencies of connections over a period, they can be categorized into four statuses (No
Relationship, Weak Relationship, In Relationship, and Strong Relationship). Based on this
definition of durable relationships, a node similarity measurement algorithm is proposed, to
study the status of relationships from a longitudinal study point of view. This method provides
a new way to describe the semantics of relationships (such as collaborative relationships, or
customer loyalty descriptions) and also gives a practical application of node similarity
measurement in a real world, which is to provide a prediction of relationship. Our extensive
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experiments have shown that the proposed method can effectively describe durable relation-
ships and especially predict future relationships.

Keywords dynamic graph - durable relationship - node similarity - relationship prediction -
time snapshot

1 Introduction

Graph is a data structure widely used in representing social networks and other practical
applications [12, 17, 21, 27, 28]. In general, many applications use a graph to represent entities
(corresponding to nodes in the graph) and their dependency relationships (corresponding to
edges in the graph). Using this graphical representation, practical applications can be processed
casily in a mathematical manner.

For example, the cooperative relationships among authors in DBLP (Digital Bibliography
& Library Project (http://dblp.uni-trier.de/)), which is a computer science bibliography website,
listing computer science references in a chronological order, can be abstracted into a graph.
The nodes in the graph can represent authors listed in DBLP, while the edges connecting two
nodes represent a co-authoring relationship between these two authors (i.e., they have co-
authored one or more publications together). In addition, some complex networks such as
knowledge discovery and data mining [29], citation networks [14], and traffic networks [10]
can be modeled using graphical structures.

In real world, relationships between different entities can change overtime, and thus a
dynamic graph is used to represent such changes accordingly [1, 5, 8, 11, 23, 25, 26]. For
instance, an author can have different co-authors in different years. There may be many
reasons for this, such as research interests evolving over a period, or environmental reasons
(e.g., moving to a new job) for either the author or co-authors. Thus, a graph showing this
author and a set of co-authors in the DBLP co-authorship network for 1 year, corresponding to
the snapshot of the graph of this year may be different from the snapshot of the graph of the
following year. Such a graph becomes a dynamic graph.

In this paper, we intend to use “durable relationship” to describe this kind of changeable but
reliable relationships in a dynamic graph over a long period. A connection (i.e., an edge)
between two nodes does not always exist over a period in a dynamic graph. Thus, the
connection of the two nodes may not be shown in every snapshot. However, if the connections
are shown over a long period frequently, this means there is a durable relationship between the
two nodes. Therefore, durable relationships describe the frequency of connections in practice
rather than the connection of two nodes in every snapshot. With a massive amount of data
(e.g., DBLP) accumulated, how to describe durable relationships between entities over a long
period in a dynamic graph is proposed in this paper.

In addition, this paper aims to predict the evolution of a relationship in the future. For
example, according to the co-authorship between two authors in the past several years, can we
predict if they will continue their co-authorship in the following few years? A reliable
prediction can be given by our proposed method to measure the possibility that a connection
will remain in the future.

A novel type of node similarity based on the frequency of connections between nodes
(corresponding to entities) is proposed in this paper to describe durable relationships between
entities over a period, which has not been considered as an indication of similarity between
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nodes before. In other words, if two entities have a history of frequent connections, this
means that they have something in common and have a durable relationship. Thus, durable
relationships can be defined in two dimensions: (i) In the dimension of time, they can be
categorized based on the length of duration as short-term, medium-term, or long-term
relationships; (ii) Based on frequencies of connections over a period, they can be catego-
rized into four statuses (No Relationship, Weak Relationship, In Relationship, and Strong
Relationship). The durable relationships can represent changeable but reliable
relationships.

The relationship description method proposed in this paper represents a durable
relationship in three different durations of time: (i) For a short period, there are four
possible short-term relationships (i.e., short-term No Relationship, short-term Weak
Relationship, short-term In Relationship, or short-term Strong Relationship), which can
be described by the connection statuses shown in two consecutive snapshots of a
dynamic graph; (ii) For a medium period, there are four possible medium-term relation-
ships (i.e., medium-term No Relationship, medium-term Weak Relationship, medium-
term In Relationship, or medium-term Strong Relationship), which can be described by
the connection statuses shown in three consecutive snapshots of a dynamic graph; (iii)
For a long period, there are also four possible relationships (i.e., long-term No Relation-
ship, long-term Weak Relationship, long-term In Relationship, or long-term Strong
Relationship), which can be described by the connection statuses shown in more than
three consecutive snapshots of a dynamic graph. In this paper, we use six consecutive
snapshots to describe the durable collaborative relationships in DBLP. This number of
consecutive snapshots is viable depending on an application.

A short-term relationship (short-term Weak Relationship, short-term In Relationship, or
short-term Strong Relationship) can show the status change and can show a causal relation-
ship. A medium-term relationship (medium-term Weak Relationship, medium-term In Rela-
tionship, or medium-term Strong Relationship) can be an indicator of the potential to become a
long-term relationship. A long-term relationship is to describe a sustained durable relationship
in a longitudinal study.

In this paper, a novel node similarity measurement algorithm is proposed to measure
durable relationships in a dynamic graph. By using the definition given above, the
proposed algorithm searches all connections/interactions to a node over a period. For
instance, when describing the relationship between two authors over a period, it can be
translated into measuring the similarity between these two authors during this period. The
relationship of these two authors can be estimated by two questions: (i) Connections: Have
they co-authored papers together? (ii) Frequency of connections: How often do they co-
author papers during a period? If they have co-authored papers frequently during a period,
we can say that they have similar research interests or they have a durable relationship.

Such connections can be in any forms and between any two entities, not necessary in social
networks. Here are some examples: How often does a customer visit a particular website? How
often does a customer buy a product from a shop? How often do two students select the same
courses?

We can see that the proposed method describes a new semantics of relationships and it can
have practical significance when it is implemented in the real world. Besides processing the
DBLP co-authorship network, it also can be used in other relationship analysis, such as
customer relationship analysis [4], personal relationship social networks [13], Such as between
people or organizations in social media.
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For instance, this kind of durable relationship description can be used to describe the
degrees of customer loyalty, which can be divided into four levels: cognitive loyalty, affective
loyalty, and conative loyalty [30]. Initially, loyalty between a customer and a brand belongs to
No Relationship before a loyalty is established. After that, cognitive loyalty can be defined as a
Weak Relationship, which is very susceptible to external factors and an inferior relationship
between a customer and a brand; affective loyalty can be known as a In Relationship which is
an affective relationship between a customer and a brand; conative loyalty can be viewed as a
Strong Relationship, which is based on the customers’ understanding about product features,
cost-effective factors and other specific information.

In this paper, we analyze actual relationships between DBLP authors as an example. This
gives an example of a practical meaning of a durable relationship description for a longitudinal
study. The novel type of node similarity based on the frequency of connections between two
DBLP authors over a period is proposed to describe their durable co-authorship. Based on this
node similarity, we will predict the evolution of this durable relationship in the future. In other
words, our proposed method describes a current relationship between two DBLP authors and
predicts whether this co-authorship will remain in the future.

The rest of this paper is organized as follows. Section 1 introduces the background and
significance of this research. Section 2 describes related work such as existing similar nodes
query methods and analyzes the applicable conditions of each existing method. Some useful
concepts addressed in this paper are provided in Section 3. Section 4 proposes our method.
The experimental analysis is described in Section 5. Section 6 provides the conclusions, which
summarizes the research and shows that the proposed algorithm is effective and feasible.

2 Related works

Measuring node similarity has been intensively investigated in graph processing, which has
been used in preferences query [9], community discovery [18], information retrieval [2],
collaborative filtering [20], and other fields. The dominant algorithms can be divided into
two categories: one is based on attributes; the other one is based on structures.

2.1 Key methods based on attributes

Node attributes are widely adopted as node similarity measures in many data mining
applications. Existing algorithms based on attributes calculate node similarity by compar-
ing nodes’ attributes or their neighborhoods’ attributes. In general, it constructs a series of
attribute vectors for each node, which treats each attribute of a node as one dimension in a
multi-dimensional space, to map a node to an n-dimensional space. The Euclidean distance
[6] is commonly used directly or indirectly when using this kind of method to measure
node similarity, as in the following:

dist(a,b) = (ai—b;)* (1)

n
i=1

where 7 is the number of attributes of both node a and node . When the number of a node’s
attributes 7 is very large, requiring mapping these attributes into a high-dimensional space, the

computation cost will become very high. In addition, there are some attributes’ which have
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unknown or incomplete values in some cases. Thus, it is impossible to map all nodes
completely to an n-dimensional space, which is a limitation of this kind of method [3].

Another dominant method is the cosine similarity [19], which maps each node to a
multivariate vector by using an evaluation function. An evaluation function is used to estimate
the importance of an attribute, and map every node to a multivariate vector. When one
component of this multivariate vector cannot be estimated, setting this component with the
default value 0, this can overcome the limitation of the Euclidean distance. Thus, the node
similarity of two nodes can be measured by calculating the cosine of their vectors:

Y ai\ | Y b
=1 =1

where n is the number of attributes of both node a and node b.

Besides, Jaccard similarity coefficient [15] is another common method, which is used to measure
similarity between two nodes. It is defined as the number of the common attributes of both nodes
divided by the number of attributes of both nodes in total. The formal definition is as follows:

min(a;, b;)

B lM:

J(a,b) = 3)

max(a,v, b,)

Il
—_

where 7 is the number of attributes of both node @ and node 5.
2.2 Key methods based on connections

Current algorithms based on connections measure node similarity by analyzing the connec-
tions between two nodes. Dominant methods include: Dice’s similarity coefficient [7], and
SimRank similarity [16].

Normally, the inner product of two vectors is used to measure the similarity between two nodes.
For example, as shown in the formula of cosine similarity, the similarity between node a and node b
is proportional to the cosine of vector a and vector b. The larger the cosine similarity score, the more
similar these two nodes are. However, this kind of calculation method has some limitations. For
example, it cannot reflect similarity properly when the attributes have different scales of values since
the cosine similarity will treat all attributes equally. Thus, Dice's similarity coefficient [7] has been
proposed to calculate the similarity between nodes whose attributes have different scales of values.
Dice’s similarity coefficient uses an arithmetic mean rather than a geometric mean when computing
vectors of nodes:

n
2% arb;
Dice(a,b) = % 4)

Yai+ X b

i=1 i=1
where 7 is the number of attributes of both node a and node 5.

SimRank [16] measures the similarity between two nodes based on the topology of a
graph. The notion is that if two nodes in a graph have similar neighbor structures, then these
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two nodes are similar to each other. In other words, other nodes that are known to be
directly connected to these two nodes are similar, thus these two nodes are similar to each
other. This method uses known similarity between nodes to determine the similarity of
other nodes which are connected to these nodes directly. Because the SimRank algorithm is
defined in a recursive way, the initial condition is that each node is most similar to itself.
The formal definition is as follows:

(@)l 11
s(a,b) =

c M@l
@] & 2 U@ L®) 5

where C is an attenuation factor, the value range of which is [0, 1]; I(a) is a collection of the
edges that connect to node a; and s(a, b) donates the similarity between node a and node b,
the value range of which is [0, 1]. Since SimRank is defined in recursion, if we want to
calculate the similarity between node a and node b, we need to know the similarity between
node ¢ and node d, while node ¢ connects to node a and node d connects node b,
respectively. In some cases, this will cause difficulties in measuring node similarity.

2.3 Key methods based on the combination of attribute and connection similarity

Recently, a combination of both an attribute-based similarity and a connection-based similarity
to get a combined similarity has been proposed [12, 21]. The combined similarity of two nodes
in [12, 21] was achieved by the weighted sum of both the attribute-based similarity and the
connection-based similarity.

For attribute-based similarity, reference [21] provided each node with a set of keywords to
represent its attributes. If a node has the i™ keyword in its keyword set, then the i™ vector of
this node is set to 1. Otherwise, it will be 0. After that, the cosine similarity is used to compute
node similarity. A higher value of the cosine similarity indicates that two nodes are more
similar because they have more common node attributes/keywords, regardless of whether they
have any connection. This approach is used to investigate complex community detection [21].

Similarly, reference [12] used this kind of attribute-based similarity on a citation network,
which can be seen as a super-graph. In a super-graph, a publication can be represented by a
super-node and an edge denotes a citation relationship between two publications. In a super-
node that is a publication, nodes of the super node are the key words of the publication. A key
word represents one attribute of a super-node. For a super-graph, each super-node contains a
set of attributes. Accordingly, the cosine distance is used to measure the super-node attribute
similarity in [12].

Generally, a connection-based similarity indicates that if two nodes in a graph have many
common neighbors, they are likely to be similar to each other. Based on this, [21] proposed a
definition about topology-based node similarity as follows. Similar to Dice’s similarity
coefficient, it is a ratio of the number of common neighbors to the number of all neighbors
between two nodes. A high number of common neighbors indicate that these two nodes are
likely to belong to the same community.

For structure-based node similarity computation between two super-nodes, reference [12]
proposed using a random walk-based distance measure. Given a pair of super-nodes, if they
have more the same nodes (i.e. keywords), these two super nodes are more similar.

Finally, the final similarity is calculated by the weighted sum of the attribute similarity and
connection similarity.
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3 Preliminaries

In this section, some useful concepts in a dynamic graph and the problem descriptions
addressed in this paper are discussed below.

Let DG = {<V,, E;, t> | 1 <i < n} records the evolution of a dynamic graph G during the
period 7=[t,, t,,], where V; is the set of all nodes (i.e., entities) in graph G at time #;, and E; is the
set of all edges (i.e., connections between entities) in graph G at time #. In other words, this
dynamic graph is collected by a series of sequentially and non-overlapping time snapshots
[22].

The DBLP co-authorship network can be seen as a large dynamic graph, where nodes
represent the authors listed in DBLP and edges represent the co-authorships between two
authors. Figure 1 uses a series of time snapshots to show the evolution of the co-authorship
network over 2 years, 2006 and 2007, respectively. Due to limited space, only a few of them
are shown in Figure 1, where Figure 1a is the time snapshot of 2006, and Figure 1b is the time
snapshot of 2007. The set of time snapshots shows the evolution of dynamic graph G.
Different time snapshots are mutually exclusive and independent. The relationships shown
in one snapshot have no cause and effect of the other snapshots. The correspondence between
all authors’ names and the number is listed in Table 1.

As shown in Figure 1, node v, (the author’s name is Shichao Zhang) is a subject node as an
example of durable relationship description in this paper. Our method only retains node v, and
the nodes and edges which connect to node v, directly. We have six snapshots over 6 years
(2006-2011), which are shown in Figure 2. Table 1 listed the correspondence between all
authors’ names and the number used in Figure 2.

3.1 Short-term relationships

The connection between two nodes does not always exist over a period in a dynamic graph. A
time snapshot is to collect all connections between nodes exist at a particular time. Changing
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(a) DBLP snapshot in 2006 (b) DBLP snapshot in 2007

Figure 1 Evolution of a DBLP co-authorship network
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Table 1 The list of node numbers and their corresponing authors’ names in Figure 2

Author's No. Author's name No. Author's No. Author's No. Author's No.
name name name name
K. Cai 28 H. Huan 8 W. Qian 45 Z.Xu 20 X. Zhang 61
J. Cao 52 F. Huang 7 Y. Qin 14 Z.Xu 33 L. Zhao 25
M. Chang 65 Z.Huang 9 Z.Qin 15 B. Yan 34 Y. Zhao 26
F. Chen 1 Z.Jin 38 S. Sheng 16 X. Yan 35 J. Zhao 49
Q. Chen 2  X.Li 68 W. Shu 46 J. Yang 21 X. Zhao 50
Y. Chen 3 T. Liang 56 W. Song 31 Q. Yang 47  Z.Zheng 36
D. Cheng 71 C.X. Ling 10 K. Su 17 X. You 42 Z.Zheng 62
Y. Dai 55 C.Liu 30 Y. Sun 57 X.Yu 22 Z.Zhong 54
L. Davidson 29 L. Liu 39 K. Sun 74 1. Yu 75 X.Zhu 27
Z. Deng 72 H. Liu 43 Z. Tang 58 D. Yuan 48 X.Zhu 37
W. Ding 66 Y.Liu 73 R. Wang 18  C. Yuan 60 M. Zhu 51
Y. Dong 4 J.Lu 11 T. Wang 40 M. . Zaki 12 Y. Zhu 63
A. Ekart 64 X.Luo 69 R. Wang 41 S. Zhang 0 Y. Zhu 76
N. Gu 5 T M 32 X. Wu 19 C. Zhang 23 M. Zong 77
Khoshgoftaar
Y. Guo 6 Y.Mo 44 J. Wu 59 J. Zhang 24
M. He 67 A.Ni 13 W.Wu 70  Z.Zhang 53

relationships are described by the changes of the connection between two nodes in several time
snapshots.

The smallest measure unit of a relationship in this paper is called a short-term relationship
(also called as causal relationship), which is used to describe a changeable connection in a
short term (i.e., two consecutive time snapshots equivalent to consecutive 2 years). Thus, a
short-term relationship is defined as: Given dynamic graph DG = {<V,, E;, t;> | I <i<n}, node

vji and node v’ are two nodes in the snapshot of DG at time ¢ (i.e., vj., vieV)), node vj’“ and

node v’ are the two nodes in the snapshot of DG at time ¢, ; (i.e., v;-“ VieViiy), a short-

term relationship of node v; and node vy, at time ¢, ; is defined by the connection between node
v; and node vy in the time snapshots at time #; and time ;.

Definition 1 (short-term No Relationship) Given dynamic graph DG = {<V,, E;, t>| 1 <i
< n}, and node v; and node vy are two nodes in DG, if the connection between this pair of
nodes never appear in both the i™ and i+ 1™ time snapshots, the relationship between node v
and node vy, at time #;,; is a short-term No Relationship.

As shown in Figure 2a and b, there are no connections between node v, and node v;s. Thus,
the relationship between v, and v3g in 2007 is a short-term No Relationship.

Definition 2 (short-term Weak Relationship) Given dynamic graph DG = {<V}, E;, t>> | 1
<i<n}, and node v; and node v; are two nodes in DG, if the connection between this pair of
nodes existing in the /™ time snapshot but not existing in the i+1™ time snapshot, the
relationship between node v; and node vy at time #;,; has a short-term Weak Relationship.

As shown in Figure 2a and b, node v, and node v;3 have co-authored a paper in 2006, but
did not work together in 2007. Thus, the relationship between v, and v;3 in 2007 has a short-
term Weak Relationship.

Definition 3 (short-term In Relationship) Given dynamic graph DG = {<V,, E;, t>| 1 <i
< n}, and node v; and node v, are two nodes in DG, if the connection between this pair of
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(e) in2010 (f) in 2011

Figure 2 Evolution relationship between the subject node v, and its subject-related nodes over 6 years (2006-
2011)

nodes not existing in the /™ time snapshot but existing in the i+1™ time snapshot, the
relationship between node v; and node vy, at time ¢, is a short-term In Relationship.

As shown in Figure 2a and b, there is no connection between node v, and node v3, in 2006.
However, they have co-authored a paper(s) in 2007. Thus, the relationship between v, and v3,
in 2007 is a short-term In Relationship.
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Definition 4 (short-term Strong Relationship) Given dynamic graph DG = {<V,, E}, t> |
1 <i<nj}, and node v; and node v, are two nodes in DG, if the connection between this pair of
nodes exist in both the /™ and i+ 1™ time snapshots, the relationship between node v; and node
vy, at time #;, is a short-term Strong Relationship.

As shown in Figure 2a and b, the connection between node v, and node v, existed in
both these 2 years. Thus, the relationship between v, and v;o in 2007 is a short-term
Strong Relationship.

3.2 The 0-1 representations

In a dynamic graph, a durable relationship is used to describe the changeable connections
between two nodes over a period. We use 0 (unconnected) or 1 (connected) to represent
the connection status between a pair of nodes. For example, when describing the
connection of node v, and node v, where node v, is a subject node, and node vy is
one of subject-related nodes (i.e., have connections with subject node vy), if there is a
connection between node v, and subject node v, at the M time snapshot, then the
connection status value of node v’ is set to 1, otherwise is set to 0.

The 0-1 representation indicates the status of connection between two nodes. Accord-
ing to the above definitions, the statues of short-term relationships can be represented as
sequence of connection statuses: (i) A short-term No Relationship can be represented as
00; (ii) A short-term Weak Relationship can be represented as 10; (iii) A short-term In
Relationship can be represented as 01; (iv) A short-term Strong Relationship can be
represented as 11.

3.3 Medium-term relationships

A medium-term relationship can be an indicator of the potential to become a long-term
relationship. Therefore, we provide a series of definitions for a relationship in a medium
term, which is described by the connection statues shown in three consecutive snapshots
of a dynamic graph in this paper.

Definition 5 (medium-term No Relationship) Given dynamic graph DG = {<V,, E;, t> | 1
< i< n}, and node v; and node v, are two nodes in DG, if the connection between this pair of
nodes never appear in the ™, 41" and +2™ time snapshots, the relationship between node v;
and node vy, at time #;,, is a medium-term No Relationship. The connection between node v;
and node v, can be represented as 000.

As shown in Figure 2a-c, for the subject node vy, the status of node v;g over this 3-year
period can be represented as a sequence of connection statuses of 000. Thus, the relationship
between vy and vzg in 2008 is a medium-term No Relationship.

Definition 6 (medium-term Weak Relationship) Given a dynamic graph DG = {<V,
E;, t>| 1 <i < n}, and node v; and node v; are two nodes in DG, if the connection
between this pair of nodes only existing one of three snapshots (the i, i+1™ and i+2™
time snapshots), the relationship between node v; and node vy at time #,,, is medium-term
Weak Relationship. The connection between node v; and node v can be represented as
100, 010 or 001.
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As shown in Figure 2a-c, for the subject node vy, the status of node v;; over this 3-year
period can be represented as a sequence of 100. Thus, the relationship between v, and v;; in
2008 is a medium-term Weak Relationship.

Definition 7 (medium-term In Relationship) Given a dynamic graph DG = {<V,, E;, t> |
1 <i<n}, and node v; and node v, are two nodes in DG, if the connection between this pair of
nodes only not existing in one of three snapshots (the i, i+ 1™ and i+2™ time snapshots), the
relationship between node v; and node vy at time #;,, is a medium-term In Relationship. The
connection between node v; and node vy can be represented as 110, 101, or 011.

As shown in Figure 2b-d, for the subject node v,, the status of node v3, over this 3-year period can
be represented as a sequence of 101. Thus, the relationship between v, and v3, in 2009 is a medium-
term In Relationship.

Definition 8 (medium-term Strong Relationship) Given a dynamic graph DG = {<V, E,,
t>| 1 <i<nj}, and node v; and node v, are two nodes in DG, if the connection between this
pair of nodes still existing in the /™, i+ 1" and i+2™ time snapshots, the relationship between
node v; and node vy at time 7, is a medium-term Strong Relationship. The connection between
node v; and node vy is 111.

As shown in Figure 2a-c, for the subject node vy, the statuses of node v;¢ over this 3-year
period can be represented as a sequence of 111. Thus, the relationship between v, and v;9 in
2008 is a medium-term Strong Relationship.

4 Durable relationship descriptions

A novel type of node similarity based on the frequency of connections between two nodes (i.e.,
entities) is proposed in this paper to describe a relationship between entities over a period,
which has not been considered as an indication of similarity between the two nodes before.
Our proposed method defines node similarity in three levels: short-term node similarity,
medium-term node similarity, and long-term node similarity.

4.1 Short-term relationship descriptions

Given a dynamic graph DG = {<V;, E;, t>> | I <i<n}, and node v; and node v; are two nodes in DG,
where node v; is a subject node and node vy is a subject-related node of node v;, the short-term node
similarity between node v; and node vy can be defined as:

(57)-( )
6
[ ©
Jo Vi k2 Vi

where (\{/i'l , y/[) is the 0-1 representation of subject node v;, and (v 8 s the 0-1 representation of
subject-related node vy.

It is very similar to the calculation of cosine similarity. In other words, if the connections between
these two nodes are longer and more frequency, these two nodes are more similar to each other.

o i) —
short—sim (vj,vk) =
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Table 2 listed the similarities of different 0-1 sequences to describe different types of short-term
relationship between two nodes.

4.2 Medium-term relationship descriptions

For medium-term relationships, when describing the relationship/similarity between a subject
author and subject-related authors over a medium period, a subject-related author who has
more frequently co-authored papers with the subject author is more similar (i.e., more strong
relationship) to the subject author. At the same time, if a co-authorship between the subject
author and this subject-related author is more close to the current time, the co-authorship
indicates that the subject related author is more similar (i.e., more strong relationship) to the
subject author’s current research interests. The connection between two authors happened in
different times will have different weights on similarity.

Therefore, the weight of node v; at time #; can be defined as:

W=l )
J
where # is the number of snapshots over a medium period (i.e., n = 3), and i is the /™ snapshot
at time #; in a medium-term relationship.

Because of the medium-term relationship between a pair of nodes has four statuses: a
medium-term No Relationship (which can be represented as a sequence of 000), a medium-
term Weak Relationship (i.e., the sequence is 001, 010, or 100), a medium-term In Relation-
ship (i.e., the sequence is 110, 101, or 011), or a medium-term Strong Relationship (i.e. the
sequence is 111). A medium-term relationship can be seen as a continuation of a short-term
relationship. Therefore, for a dynamic graph DG = {<V}, E;, t> | I <i < n}, and node v; and
node v are two nodes in DG, where node v; is a subject node and node vy is a subject-related
node of node v;, the medium-term node 51m11ar1ty of DG can be defined as:

LAY
medium— szm(v vk) = 2y Lk (8)

2
N
(W) Vi (d)

where w; "and wy’ are the weights of the connection between node v 7 and node vy, at time #;,
respectlvely, and 7 is the duration of medium term (i.e., n = 3). In other words, if the

Table 2 The similarity values of short-term relationships

Short-term relationship 0-1 sequence of subject- Short-term node similarity
related node

Short-term No Relationshi 00 i\ _ _(LD-00"
P short S””(V}V?c) = meomoor = °
Short-t ‘Weak Relationshi 01 _ i) _ _(Lhon" 3
ol Teak Rewiionsip short=sim (v, ) = (i iy =2
Short-term In Relationshi 10 _ i) (D00 V3
P short ”’"(V/vvk) = TOMoT = 7.
Short-term Strong Relationship 11 short—sim (v’ v;{) _ H((L]))H(Hl oo =
J? 1,1 1.1)]
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connections between node v; and node v, are more frequent and more recent over a medium
term time, these two nodes are more similar to each other. Table 3 listed different values of
similarity to describe different types of medium-term relationships between two nodes.

4.3 Long-term relationship descriptions

Similar to the medium-term relationship description, the long-term relationship description is
also based on the frequency of connections over a long period. In this paper, a durable
relationship is described by six time snapshots, which can be also represented as a 0-1
sequence with six digits. The number of snapshots for a long term is selected six for this
DBLP application for the following reasons: (i) It is three-time long of a short term; (ii) It is
two-time long of a medium term; (iii) It is common that authors can collaborate more than
6 years. The number of snapshots for a long term can be either nine or twelve.

Thus, the four statuses of long-term relationships can be described as: (i) For a long-term
No Relationship, there are no 1s in the six-digit sequence; (ii) For a long-term Weak
Relationship, there is only one 1 or two 1s in the six-digit sequence; (iii) For a long-term In
Relationship, there is three or four 1s in the six-digit sequence; (iv) For a long-term Strong
Relationship, there is five or six 1s in the six-digit sequence. The calculation of long-term node
similarity (i.e., a long-term relationship) can be seen as a continuation of a medium-term
relationship.

4.4 Sliding window in relationship descriptions

In a dynamic graph, a durable relationship is used to describe the changeable connections
between two nodes over a long period. It is to describe a sustained relationship in practice
rather than the connection of two nodes in each snapshot. With a massive amount of
changeable data (e.g., DBLP) accumulated over the time, a long-term relationship is to
describe durable relationships from a longitudinal study point of view.

For example, as shown in Figure 2, the statuses of the connection between the subject node
vy and subject-related node v,, over 6 years (2006-2011) can be represented as a sequence of
111100. It can be seen as an example for a long-term In Relationship. When describing the
changes happened during this period, compared with medium-term relationships, more snap-
shots (i.e., the statuses of connections) need to be considered, which will have more variable
than medium-term relationships. Thus, we use a medium-term relationship as an evaluate unit
for the durable relationship description.

The evaluate unit is implemented by a sliding window. Setting the sliding window size to 3
(i.e., the same length as a medium term), while the sliding step is one snapshot. Whenever the
window has 3 snapshots, we calculate the node similarity by using the proposed formula
above. Then the window slides one step.

4.5 Algorithm

In this section, according to the definitions above, we propose an algorithm for node similarity,
which can be used for durable relationship descriptions.

Given a dynamic graph DG = {<V,, E,, t>>| 1 <i < n}, and a subject node and its subject-
related nodes are the nodes in DG. Firstly, we collect this dynamic graph DG with n time
snapshots and select all subject-related nodes in each snapshot related to the subject node.
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Table 3 The value of medium-term relationship

Medium-term

0-1

Medium-term

relationship sequence of node similarity
subject-
related node
Medium-term 000 medium—sim (V"»,V};> =
No ’
Relationship
\/m*l*\/ﬁg*0+ 2/6% 1*\/27@0“/—5*1*\/3“70 =0
\/(\/_6*1)2+( 2/6*1) +( 3/6*1) \/(\/ﬁ*o) +(\/%*0) +( 3/6*0)2
Medium-term 100 medium—sim (\/- vi> =
Weak o
Relationship
1/641%/1/6%14+1/2/6%1%/2/670+/3/6*1%1/3/6*0 =0.408
\/(\/1/_6*1)Z+( 2/5*1)2+( 3/6*1)2\/(\/176*1) +(\/i7_6*0) +(\/37g*0)2
010 medium stm(v;,V‘}c =
1651 /1/650+41/2/6%1/2/6+1+/3/6%1%/3/6+0 =0.577
\/(\/1/—6*1)2+( 2/6*1)2+( 3/6*1)2\/(\/I/—G*O)ZJr(\/%*I)Z*(\/%*O)Z
001 medium—, czm(v‘ vk> =
V761516501 /2]6%1,/2]6°0-+/3]6+1+/3]671 =0.707
VT (ar) (i)' (Vo) () + (7).
Medium-term 110 medium szm(\/- v’k) =
In 7
Relationship
V76514 176414/2]6%1/2]6%1+/3/6%1/3/6%0 =0.707
\/(\/1/_6*1)z+(\/2_/5*1)2+( Tor 1) \/(m*l) +(\/275*1) +(\/3_/5*0)z
101 medium*sim(\{’/-,v;) =
VI8 /16°14/2]6515/2]60+/3]6+1\/36%1 —0.816
VT (V) (Vi) (V) (Vi) (vien)
011 medium—sim (v}, Vfc
V1765150176504 /2/6%1%\/2/641+1/3/6*1#\/3/6+1 =0.913
\/(\/_6*1) +(v/276%1) +(\/ﬁ*1)z\/(\/mm)z*(\/z/_ﬁ*l)z*(\/%”)z
Medium-term 111 medium—sim (vf. v") =
Strong o
Relationship
Tty TG 1 1 76 1

V(7o) s (Vo) +(aTon) (VT (varen) + (v/376n)’
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Next, using the 0-1 representation to represent every subject-related node’s connection statuses
over the n time snapshots and calculate the node similarity between each subject-related node
and the subject node by using a sliding window. Finally, we sort the values of node similarity
in a descending order and print out them in a descending order with their node similarity.
According to the result, we can predict which subject-related nodes are more likely to connect
with the subject node in the future.

Algorithm 1 Durable Node Similarity

Input: dynamic graph DG = {<V}, E;, t> | I <i < n}, the subject node v,
Output: every subject-related node and their node similarity and its label
1: DG={(V, E; t)| 1<i<n};

2:fori=1tondo

3: select subject-related nodes in n time snapshots;

4: get the 0-1 representation for m subject-related nodes;
5: end for

6:ifn=2

7:for k=1 to m do

Vo "0) (‘AI "f !
’ ()
9: long—sim(vy, v) = short—sim (v%7 ),
10: set a label for vy;

11: end for

12: else

2 short=sim(v}, v}) = o)

3

16:fork—1tomdo
17:fori=3to n do

>
w v:) w! v 24w vi)‘w Vi I+MX\’M3V'

\/(Mr"%’z)z#»(w vbl) +(w>‘vb) \/(w v":z) +(M v ') (w3\/k)2
19: save medium-sim(v,,v;’) as the value of connection at time # ; or future time;
20: change the label of vy;

21: end for

22: long—sim(vo, ) = medium*sim(vg7 v}:),

23: end for

24: end if

25: sort subject-related nodes in each label set in a descending order;

26: return every subject-related node and their node similarity and its label;

18: medium—sim (ny V;f) =

5 Experiments

We evaluate the efficiency and effectiveness of our newly proposed node similarity measure-
ment method on real-world networks. The algorithm is implemented in Java, and the exper-
iments are conducted on the platform of Windows 7 Enterprise with Intel Core i5 CPU and

726GB main memory.

5.1 Running time

A randomly generated dynamic graph is used to evaluate the proposed method and demonstrate the
maximum running time when processing different scale of the graph firstly. The random dynamic
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graph can generate time snapshots to simulate the evolution of the dynamic graph. Based these time
snapshots, the running time of the proposed method can be computed. The flowchart of the

experiment is shown in Figure 3.

Our experiments on randomly generated dynamic graphs are conducted in two settings: (i)
When the scale of a randomly generated dynamic graph (i.e., the total number of nodes in a
generated graph) is a fixed, we test the relationship between the running time and the number
of subject-related nodes. (ii) When the number of subject-related nodes is fixed, we test the
relationship between the running time and the scales of a randomly generated dynamic graph.
The scale of a randomly generated dynamic graph is the total number of nodes in the graph.

For the first setting, the total number of nodes in our generated graph is fixed to 100,000.
Experimental results show the relationship between running time and different numbers of
subject-related nodes. As shown in Figure 4, when the number of subject-related nodes
increases, the running time of the proposed method increases nonlinearly (i.e., the trend line
of running time can be fitted into a quadratic polynomial function). The maximum running
time appears when the number of subject-related nodes is the largest. In other words, when all
nodes in a graph are connected to the subject node (i.e., fully connected with the subject node),
the proposed method has the maximum running time.

In the second setting, we intend to find the relationship between the running time and the
scale of a dynamic graph. According to the result obtained in the first experiment, when all
nodes in a graph are connected to the subject node, the proposed method has the maximum
running time when the scale of the graph is fixed. Thus, we set all nodes in the randomly
generated dynamic graph to be fully connected firstly. Then the experimental results show the
relationship between the running time and the scale of a randomly generated dynamic graph.
As shown in Figure 5, when the scale of the dynamic graph increases, the running time of the
proposed method increase nonlinearly (i.e., the trend line of running time can be fitted into a
quadratic polynomial function). The overall trend is that larger scale of dynamic graph has
longer running time.

From the experimental results above, even when there are 1,000,000 nodes, the running
time is only about 500s. As this test is conducted using a single computer, when the proposed
method is used to deal with a big dataset (i.e., a larger scale of dynamic graph), it is possible to
use parallel computing or other types of calculation to reduce the running time. Therefore, the
proposed method can be used for processing a big dataset.

| = ——--—
Synthetic generated graph

I Extract required data | — data pre-processing

Experimental data

I Algorithm I } Durable relationship definition
I Return results | :|» Result return

Figure 3 Flowchart of the experiment
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Figure 4 Running time on randomly generated dynamic graph
5.2 Prediction accuracy

In order to test the effectiveness and efficiency of the proposed method in prediction, a real-
world network, the DBLP co-authorship network, is used. DBLP provides a comprehensive
list of research papers in Computer Science. Until June 2017, this DBLP co-authorship
network includes 1,919,861 authors and 3,799,107 publications.

We will collect six time snapshots from 2006 to 2011 of the DBLP co-authorship network
to explain the evolution of this dynamic graph over these 6 years. Then the co-authorship from
2012 to 2014 will be used to test the accuracy of our proposed method. An edge between two

Randomly Generated dynamic Graph
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Figure 5 Running time on randomly generated dynamic graph
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nodes/authors in a time snapshot of the DBLP co-authorship network represents the two
authors who have co-authored at least one paper or papers in the year.

Our newly proposed node similarity measurement is based on the frequency of connections
between a subject node and subject-related nodes over a period (i.e. across several sequential
snapshots), thus the durable relationship description only focuses on the connection between
the subject node and the subject-related nodes. The frequency corresponds to how many
connection/edges between two nodes appear in a sequence of snapshots. For example, as
shown in Figure 1, node v, (author’s name is Shichao Zhang) is the subject node, the
relationships that the subject node has include all nodes which have edges connected to the
subject node. Because our proposed method is to describe the relationship between two nodes,
thus some papers like [31], which are published only by Shichao Zhang himself, are ignored in
the experiments.

In order to test the effectiveness and efficiency of the proposed method, two different
subject nodes are selected for two experiments, respectively. The first experiment is used to
test the effectiveness of the proposed method in terms of prediction. As shown in Figure 2,
these two nodes are node v, (author’s name is Shichao Zhang) and node v;¢ (author’s name is
Xindong Wu). The second experiment is used to test the efficiency of the proposed method.
We compared the predictive accuracy of our proposed method in a medium term and a long
term.

The reason that these two authors are chosen is because they have a broad research area and
a large amount of co-authors. For example, the research area of Shichao Zhang includes:
sparse coding [35], data mining [24, 33, 34], and statistics [36].

The first experimental results by using node v, show there are 54 authors who have co-
authored papers with node v, during the 6 years. As shown in Figure 2, there are 10 authors
who have more than two connections with node v, over these 6 years. The nodes like node v,;
which only co-authored paper with node v, only one time has been ignored [32]. In other
words, in this durable relationship, there are 10 subject-related nodes have long-term In
Relationship or long-term Strong Relationship with the subject node v,. These 10 authors’
co-authorship information has been listed in Table 4. According to Algorithm 1 defined above,
the values of long-term node similarity of these 10 subject-related nodes with the subject node
(node vy) have been listed in the fourth column from the right in Table 4.

The similarity values of these nodes with node v are in the descending order: v;g, v23, vss,
V2, V27, Vig Vi1, Vis, Vag V3. The node that has a higher similarity value is more similar to the
subject node. The durable relationship can be described as: (i) In the dimension of durations of
time, a higher similarity value of a subject-related node means that it has longer and more
recent connection with the subject node; (ii) Based on the frequencies of connections, the
connection between this node and the subject node is more frequent than other subject-related
nodes.

In conjunction with Figure 2, node v;¢ has the highest value of similarity with the
subject node vy. Node v;4 has the largest number of connections with the subject node v,
over this period. Therefore, we can predict that node v;o is more likely to connect with
the subject node in the future. It means that according to the durable relationship
description above, Xindong Wu has the largest possible to continue the co-authorship
with Shichao Zhang in the following 3 years (2012-2014). The last three columns in
Table 4 show the evolution relationship between the subject node v, and its subject-
related nodes in the following 3 years. We can find that node v, still has connection with
node v, in these three time snapshots.
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Table 4 Subject-related nodes which connected with node v, more than 3 years

Node No.  Co-authorship in 6 years Node similarity ~ Co-authorship continuity
2006 2007 2008 2009 2010 2011 2012 2013 2014
19 1 1 1 1 1 1 1 1 1 1
23 1 1 1 1 1 1 1 1 1 0
38 0 0 1 1 1 1 0.9946 0 0 0
2 1 1 1 0 1 1 0.824 0 0 0
27 1 1 1 1 0 1 0.7567 0 1 0
14 1 1 1 1 1 0 0.7071 0 0 0
11 1 0 1 0 1 0 0.4091 0 0 0
15 1 0 1 0 1 0 0.4091 1 1 0
24 1 1 1 1 0 0 0.2887 1 1 0
3 1 1 1 1 0 0 0.2887 0 0 0

The first experimental results on Xindong Wu show there are 175 authors who have co-
authored paper with node v;o (author’s name is Xindong Wu) during the 6 years. The
information about the subject-related nodes has been listed in Appendix Table 8. In order to
describe more concise, we only focus on the subject-related nodes which have long-term In
Relationship or long-term Strong Relationship with the subject node v;¢ over this period.
There are 23 authors have more than two connections with node v;o which has been listed in
Table 5. According to Algorithm 1 defined above, the value of node similarity of each subject-
related node with the subject node is listed in the right third column in Table 5.

Table 5 Subject-related nodes which connected with node v;¢ more than 3 years

NodeNo.  Co-authorship in 6 years Node similarity ~ Co-authorship continuity
2006 2007 2008 2009 2010 2011 2012 2013 2014
0 1 1 1 1 1 1 1 1 1 1
37 1 1 1 1 1 1 1 1 1 1
104 1 1 1 1 1 1 1 1 0 1
23 1 1 1 1 1 1 1 1 0 0
107 1 1 1 1 1 1 1 0 0 0
136 0 1 1 1 1 1 0.9996 1 1 1
281 0 1 1 1 1 1 0.9996 1 1 1
220 0 1 1 1 1 1 0.9996 1 1 0
124 0 0 1 1 1 1 0.9946 0 1 1
189 0 1 0 1 1 1 0.9691 1 1 1
139 0 0 0 1 1 1 0.9677 1 1 1
181 0 0 0 1 1 1 0.9677 1 1 0
318 0 0 0 1 1 1 0.9677 0 0 0
285 1 1 1 0 1 1 0.824 0 0 0
311 0 0 1 0 1 1 0.8018 1 1 1
297 0 1 1 1 0 1 0.756 0 0 0
221 0 0 1 1 0 1 0.7474 0 0 0
225 0 0 1 1 0 1 0.7474 0 0 0
197 1 1 0 0 1 1 0.6223 1 1 1
145 1 1 0 0 1 1 0.6223 1 1 0
293 1 0 1 0 1 0 0.4091 0 0 0
282 1 1 1 1 0 0 0.2887 0 1 1
249 1 1 1 1 0 0 0.2887 0 0 0
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According to Table 5, node v;,, co-authored papers with node v, from 2008 to 2011 while
node v,49 co-authored papers with node v, from 2006 to 2009. Both of these two nodes co-
authored papers with node v, four times. However, the publications co-authored by node v;,,
and node v, are more close to current time (i.e., the connection between node v, and node v; 4
is more recent). For prediction, from the last three columns in Table 5 we can find that node
v;24 co-authored paper with node v, in 2013 and 2014 while node v,y not. Thus, the
experimental results test that the subject-related node which has higher similarity is more
likely to cooperate with the subject node in the future.

The results listed in Table 5 verified that: (i) the subject-related nodes which connect to the
subject node longer and more frequent have higher similarity values (i.e., more strong
relationships); (ii) a subject-related node which has a higher similarity value is more likely
to cooperate with the subject node in the future.

Table 6 listed the relationships between the subject node v, and all its related nodes in the
medium term from 2006 to 2014. The first column shows all types of medium-term relation-
ships except No Relationship. The second column shows the corresponding similarity values.
The third column shows the sum of the numbers of a type in each sliding window divided by
the number of sliding windows. For example, there are 7 sliding windows from 2006 to 2014
(i.e. 2006-2008, 2007-2009, ... , 2012-2014). The forth column shows the average number of
cooperation occurs in the following year of a sliding window. For example, in the first row, the
third column is 4.0, while the fourth column is 2.7. The percentage in the fifth column is
obtained by (2.7 divided by 4.0). The sixth column is corresponding to the average cooperation
occurred during the following 2 years of the sliding windows. This number should be large
than the number shown in the fourth column. Table 7 listed the relationships between the
subject node v;¢ and all its related nodes in the medium-term from 2006 to 2014. Comparing
with the results listed in the last two columns in Tables 4 and 5 respectively, we can find that
the accuracy of prediction based on a medium-term relationship description is higher than
based on a long-term relationship description. We can also quantify this conclusion by using
more subject nodes. However, these two experiments can support this conclusion.

Based on these two experiments above, the effectiveness and efficiency of the proposed
method has been tested completely. The similarity value between a subject node and a subject-
related node can effectively predict and describe durable relationship in a large dynamic graph
over a period. For the prediction of durable relationship evolution, a medium-term relationship
description appears more accurate than a long-term relationship description.

The proposed method provides a new way to describe and predict node similarity/
relationship in a large dynamic graph, which also can be used in real-world applications such
as entity relationship definition, and entity relationship prediction. Except for processing the
DBLP co-authorship network, it also can be used in other relationship analysis.

6 Conclusions

In this paper, a novel type of node similarity based on the frequency of connections between
two nodes (i.e., entities) is proposed to describe the changeable relationships between entities
over a shot-, medium- or long- period, which has not been considered as an indication of
similarity between two nodes before. In this paper, durable relationships describe the frequen-
cy of connections rather than just the continuous connection between two nodes. According to
this definition, durable relationships can be defined in two dimensions (durations of time and
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frequencies of connections). A similar node query method is proposed, based on our new
definition of node similarity, to study the statues of durable relationships from a longitudinal
study point of view. This method provides a new way to describe the semantics of durable
relationships, and also gives a practical application of node similarity measurement in the real
world. In the meantime, it is also a useful method to predict the evolution of a relationship in
the future.

Our extensive experiments show that the proposed method can effectively describe durable
relationships and especially predict future relationships. The experimental results shows the
running time of our proposed method is not long even in processing a big dataset (i.e., a larger
scale of dynamic graph) on a single computer. The value of similarity between a subject node
and subject-related node can effectively describe durable relationship in a large dynamic graph
over a period. The medium-term relationship description can predict durable relationship
evolution more accurately than the long-term relationship description.

Furthermore, the experimental results also show that the proposed method can be used in
real-world applications. The proposed method can be used in entity relationship definition, and
also in entity relationship prediction. Besides in processing the DBLP co-authorship network,
it also can be used in other relationship analysis.

In the future, we intend to consider the quality of connections, which can be defined as the
number of co-authored papers in a year and/or the quality of the co-authored papers. The
quality of connections may give more insight in durable relationships and may even provide
the prediction of the quality of a relationship.
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ship Council, and the National Natural Science Foundation of China under Grant (No.61472169).

Appendix

Table 8 The list of the subject node v;¢ and its subject-related nodes

Author's name No. Author'sname  No. Author's name No. Author's No. Author's No.
name name

A.A.Hamed 79 D. Guo 106 L.Li 201 Z.Ren 321 G. Wei 130
D. A. Simovici 105 L. Guo 200 L.Li 202 A. Rubin 81 S. Wei 245
S. Abdullah 240 S. Hao 244 P.Li 220 T.S. Chua 254 X. Wu 19

M. Ali 213 Z.Hao 319 R.Li 239 V.S.Sheng 261 G.Wu 136
A. An 80 M. He 67 X.Li 276 P.S.Yu 223 Y. Wu 301
Y. An 303 D.He 107 X.Li 280 Y. Saygin 309 T. Xiang 250
J. Bailey 161 J. He 173 X. Li 282 J. Shen 168 Y. Xiao 288
B. Baruque 94 T. He 257 Y.Li 284 Y. Shen 291 B. Xie 86

P. Beinat 218 Y. He 302 Z.Li 311 V. Sheng 260 F. Xie 124
P. Berkhin 219 A. Herrero 82 Q. Liang 225 J. Shi 190 Z. Xie 312
Y. Bi 304 R. Hong 233 Y. Lin 287 Y. Shi 297 H. Xiong 157
F. Bonchi 128 X. Hong 275 Y. Lin 290 A. Siebes 84 G.Xu 137
J. Bongard 183 T. Khoshgoftaar 32 C. Ling 96 M. Song 211 J. Xu Yu 164
K.C.C.Chan 194 W.Hsu 271 H. Liu 43 Y. Song 292 J. Xuan 176
P.C.K. Hung 217 D.Hu 117 B.Liu 90 A. Srivastava 85 F. Xue 126
H. C. Lau 154 M. Hu 210 B.Liu 91 M. Steinbach 209 X. Xue 272
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Table 8 (continued)

Author's name No. Author's name  No. Author's name No. Author's No. Author's No.
name name
V. C. Leung 259 W. Hu 269 C.Liu 101 D. Steinberg 108 B. Yang 92
J. Cao 52 X.Hu 274 W.Liu 265 K. Su 192 F. Yang 127
C. Cao 103 X. Hu 281 X. Liu 278 Y. Sui 306 P. Yang 222
L. Cao 204 E. Hua 122 Y. Liu 295 J. Sun 178 Y. Yang 293
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