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a b s t r a c t

Many real-world phenomena can be modeled as networked systems. Some of these
systems consist of heterogeneous nodes and edges. Similarity search is a fundamen-
tal operation in network systems, which is a basis for various applications such as
link prediction and recommendation. This manuscript introduces a temporal similarity
measure for heterogeneous networks. The proposed metric is based on metapath
strategy and considers time of the interaction. We provide detailed properties of the
proposed temporal similarity measures. Our experimental results on a number of real
heterogeneous social networks show that incorporating time in the computation of the
similarity significantly improves the performance as compared to the state-of-the-art
similarity computation methods.

© 2019 Elsevier B.V. All rights reserved.

1. Introduction

Many natural and man-made phenomena can be modeled as networks ranging from social networks and the Internet
to ecological systems, human brain and biological systems. Some real-world systems can be better modeled as a hetero-
geneous networks, where multi-typed objects are connected together with different relationships [1,2]. Heterogeneous
information networks are also known as network of networks [3], interconnected networks [4], multiplex networks [3,5,6]
or multilayer networks [7,8]. DBLP Network (Fig. 1(a)), is an example of heterogeneous networks, which has different kind
of objects like Authors, Papers and Conference, and also different types of relationships between them such as Write and
Participate.

Similarity search is a significant topic in heterogeneous information networks [8] with the goal finding objects from
a dataset which are similar to a given input object (query). Nearest neighbor search and range queries [9] are two basic
subjects in this context. Similarity search has significant applications in different areas including link prediction [10] and
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Fig. 1. (a) network schema of DBLP network, (b) an example of Author–Paper–Author meta-path in this networks, Author1 and Author2 have written
a paper in 2002. (c) an example of Author–Conference–Author meta-path, Author1 and Author2 have participated in SIGKDD conference in 2002
and 2005, respectively.

recommendation [11]. Accuracy and computational complexity is important in such applications. Sun et al. [2] proposed
a framework to represent heterogeneous networks, which has two basic elements: network schema and meta-path. The
network schema is a general view of the network that shows the number of objects and relationships and the meta-path
is a sequence of related objects forming a path in the network schema. Fig. 1 represent schema and example of two types
of meta-paths in DBLP network.

A number of measures have been proposed to find similarity between two objects in heterogeneous information
networks [2,12–15]. PathSim is a meta-path based similarity measure introduced for to find similar pairs of objects in
heterogeneous networks [2]. This measure has become a basic measure in this field. Some other measures were introduced
to improve similarity search considering special conditions such as considering both symmetric and non-symmetric meta-
paths [12] or using path weighting with new attributes [16]. In heterogeneous networks interaction, time is a valuable
attribute, as properties of real social networks may change over time. There is only one work that have considered the
effect of interaction time on the similarity between objects [17] and path time weighting. In this paper we proposed a
novel similarity measure that incorporates the interaction time in the calculations and show its effectiveness over existing
state-of-the-art methods.

In Fig. 1(b), for APA (Author–Paper–Author) meta-path, we assume that Author1 and Author2 are co-authors of a paper
written in a particular time. We also know that meta-paths are formed with relationships. In this particular example,
we have two relationships of type Author1–Paper1 and Paper1–Author2. The Author1–Paper1 relationship means that
Author1 has written the paper in year 2002. The same is true for Paper1–Author2. In this case, when two authors
collaborate in the same time, they are interested in common research areas and they will likely collaborate in the future.
In Fig. 1(c) however in ACA (Author–Conference–Author) meta-path, having Author1 and Author2 participated in SIGKDD
conference, unlike the previous example, this participation may occur in different times. In this example, Author1 has
participated in 2005 and Author2 in 2002. Thus, in this case relationships of the meta-path have different times. So in
this simple example, we showed a general view of our main idea about considering time of interactions between objects
in heterogeneous networks.

The main contributions of this study are as follows:

• It proposes a new similarity measure, TSS—Temporal, that captures the time of interactions between objects in
heterogeneous networks.

• Our experiments represent the effectiveness of our measure, in comparison with PathSim and other methods.

2. Related works

Similarity measures have been widely studied in networks. For homogeneous networks, there are two popular
measures in similarity measure: Personalized PageRank and SimRank. Personalized PageRank [18] is an asymmetric
similarity measure that evaluates the probability of visiting the objects which is based on the concept of random walks.
SimRank [19] is a symmetric similarity measure, which works by propagating the pairwise similarity score to neighboring
pairs.

In heterogeneous networks, some similarity measures are based on meta-path, while some others do not use the meta-
path information. PathSim [2] is the most widely-used meta-path-based measure. It compute the similarity between any
two objects based on a given meta-path using path counting. Number of paths between the objects and the balance
of their visibility, where the visibility is defined as the number of path instances between them. PathSimExt [16] is a
measure that revisit the definition of PathSim by introducing external support to enrich the result of PathSim. External
support is the supportive information such as the number of citations in bibliographic data. AvgSim [15] is based on
random walk processes along the given meta-path and the reverse meta-path. AsymSim [20] uses asymmetric relations
of meta-paths in heterogeneous networks to compute the similarity between objects. HeteSim [12] uses pairwise random
walks to measure the similarity of objects in a given meta-path. NetSim [13] is a structural-based similarity measure
which computes the similarity between centers in an x-star network. JoinSim’s goal is to improve PathSim to work
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with large-scale networks [14], it uses pruning expensive similarity computation by introducing bucket pruning based
locality sensitive hashing indexing. There are only few measures that use the time information to compute the similarity
values [17]. As discussed on Fig. 1, this paper did not consider interaction times and it ignored some meta-paths in while
involving time information.

3. Prelliminaries

Before detailing the proposed similarity measure based on meta-path ... in heterogeneous information networks, let
us introduce definitions.

Definition 1 (Information Network). An information network is defined as a digraph G = (V , E), with an object type
mapping function F : V → A and a link type mapping function H : E → R. an object v ∈ V belongs to one particular
object type, i.e., F (v) ∈ A, and a link e ∈ E belongs to particular relation i.e., H(e) ∈ R. Information networks are divided
into two types: (1) heterogeneous information network if |A| > 1 or |R| > 1; and (2) homogeneous information network
otherwise [2].

Definition 2 (Network Schema). The network schema, TG = (A, R), is a meta-level description for a heterogeneous network
G = (V , E) with an object type mapping function F : V → A and a link type mapping function H : E → R [2].

Definition 3 (Meta-path). A meta-path is a sequence of typed relations between objects. In other words, it is a path defined
on network schema TG = (A, R). meta-path P is shown as P = A1A2 . . . Al, where each A1 to Al shows the typed object. The
formal definition of a meta-path is A1

R1
−→ A2

R2
−→ · · ·

Rl
−→ Al, which defines a composite relation R1 ◦ R2 ◦ · · · ◦ Rl between

types A1 to Al where ◦ denotes the composition operator on relations [2].

Definition 4 (Commuting Matrix). A commuting matrix of a meta-path P = A1A2...Al is multiplication of adjacency matrix
of typed objects. This concept is shown as M = WA1A2WA2A3 ...WAl−1Al , where WAiAj is the adjacency matrix between type
Ai and type Aj. M(i, j) represents the number of path instances between object xi ∈ Ai and object yi ∈ Al under meta-path
P .

Definition 5 (TimeInfo Matrix). TimeInfo matrix is a matrix that stores time information. Given a meta-path P =

A1A2...Am...Al−1Al and time period t1 ≤ Time ≤ t2, we define matrix Y{Am−1}×{AmTime} as TimeInfo matrix. As we see, one of
the dimensions of this matrix is depended on the time. The size of the first dimension of this matrix is the number of
the instance of type Am−1 and the size of the second dimension is a combination of all instances of type Am with all years
in the period of Time. In general, each cell of this matrix shows the presence or absence of an instance of type Am−1 in
years of Time based on the instance of type Am.

Definition 6 (Time Weight Matrix). Time weight matrix is a matrix that stores time weight gained from a time function.
Given a meta-path P = A1A2...Am...Al−1Al and time period t1 ≤ Time ≤ t2, we define matrix F{AmTime}×{AmTime} as time
weight matrix. The dimensions of this square matrix are based on the time and the size of each dimension is the number
of combination of all instances of type Am with all years in the period of Time. Each cell of the matrix shows relation
between times ti and tj based on a time function f (ti, tj). In this matrix, if instances of type Am are equal during a time
period, that cell is filled with the time function, otherwise it is filled by zero.

4. TSS - temporal similarity search

In this section we propose our new temporal measure. Given a meta-path P = A1A2...Am...Al−1Al, we define our base
matrix that is the Time commuting matrix, which is used to find similarity of two objects in network:

MTρ = WA1A2WA2A3 ...Y{Am−1}{AmTime}

F{AmTime}{AmTime}Y T ...WA2A1
(1)

As we see in Eq. (1), the Time Commuting Matrix is a multiplication of the adjacency matrix of typed objects, TimeInfo
matrix, time weight matrix and its transpose Y T . Now we can compute similarity of two object a and b as below:

S(a, b) =
2 × MTρ[a, b]

MTρ[a, a] + MTρ[b, b]
(2)

As we mentioned earlier to consider interaction time in our measure, we need both △d as distance of interaction
times to current time and △t as distance between interaction times (denote in Eq. (3)) [21]. We affect these in time
functions exponential, linear or any other kinds. Here we use two exponential functions: f1 = e(−α×△d)+(−α×△t) [22],
f2 = α(△d)+(△t) [17] and one linear function: f3(ti, tj) =

1
(β)△t+(1−β)△d [21], where α and β are parameters between zero and

one. We use exponential functions in bibliographic fields based on the assumption that older collaboration are generally
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Fig. 2. An example showing a heterogeneous network of three authors that have participated in two conferences.

Table 1
Result of two similarity measure (PathSim and TSS) on the example of Fig. 2.
Pair of authors Similarity search measures

PathSim measure TSS measure

(Author1, Author2) 0.38 0.20
(Author2, Author3) 0.44 0.22
(Author1, Author3) 0.80 0.83

less correlated with a author’s current interests or a paper’s and conference’s current characteristic. But in films fields,
the weight of the less recent path drops slower than exponential function, so we select the linear one.

△t =| ti − tj | +1,
△d =| min(ti, tj) − T | .

(3)

Now, let us consider a toy example to discuss the effectiveness of our new measure. In this example, there are three
authors Author1, Author2, and Author3, that have participated in two conferences SIGKDD and KDD between years 2000
and 2005. Fig. 2 shows the heterogeneous network of this example. In the example, we compare two measures PathSim
as the state-of-art measure in this field and TSS, as our proposed measure. We perform the similarity search for ACA
meta-path and use f3 as a weight function with β = 0.5 and T = 2009. First we create the time commuting matrix for
this example as:

MTρ = Y{A}{CT }F{CT }{CT }Y{CT }{A} (4)

We initialized the matrices as below:

MTρ =

(0 1 3 0 0
1 0 0 1 1
0 0 2 0 0

)⎛⎜⎜⎜⎝
1/9 1/11 1/13 0 0
1/11 1/7 1/9 0 0
1/13 1/9 1/5 0 0
0 0 0 1/9 1/12
0 0 0 1/12 1/6

⎞⎟⎟⎟⎠
⎛⎜⎜⎜⎝
0 1 0
1 0 0
3 0 2
0 1 0
0 1 0

⎞⎟⎟⎟⎠
Finally, we have the time commuting matrix Mρ as:

MTρ =

(2.61 0.32 1.42
0.32 0.55 0.15
1.42 0.15 0.8

)
Eq. (2) is then used to compute the similarity between pairs of authors. For example for author pair (Author1, Author2):

S(Author1, Author2) =
2 × 0.32

2.61 + 0.55
= 0.20

Table 1 shows the results of similarity search between pairs of authors in the toy example. For example, the similarity of
(Author1,Author2), in PathSim is higher than TSS measure. Note that PathSim counts instance paths between two authors
without considering the time, of the interaction. Author1 participated in conference SIGKDD two times in years 2003
and 2005, while Author2 participated in the same conference only once in 2000. As mentioned before, for weighting the
paths we consider the distance between the interaction times and the distance between each relation’s time and T . For
(Author1,Author2), both these quantities are high, and thus the score of this pair in TSS decreases compared to PathSim.
(Author2,Author3) pair can be discussed same as (Author1,Author2). The value of TSS for (Author1,Author3) pair is higher
than PathSim, because these two authors participated in a conference in the same year and what has short distance to T .
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4.1. Properties of TSS

Similarity measures have some attributes such as symmetry, self-maximum and Unitary range. We mathematically
introduce these attributes.

(1) Symmetry:

S(a, b) = S(b, a)

Proof. Having:

2 × MTρ[a, b]
MTρ[a, a] + MTρ[b, b]

=
2 × MTρ[b, a]

MTρ[a, a] + MTρ[b, b]
,

and:

MTρ[a, b] = MTρ[b, a]

Finally, we should prove that MTρ matrix is symmetric.
MTρ is a result of multiplication of matrices:

MTρ = WXW T
; X = YFY T

F is time weight matrix that is symmetric and constant, thus we have:

Xij = Y (i, :) · Y T (j, :) = Y T (j, :) · Y T (i, :) = Xji

The above expression shows that X is symmetric. MTρ = WXW T is symmetric too, let us assume the dimensions of
the matrices as Wn∗m, Xm∗m and W T

m∗n; we have:

MTρ =
(
W1 ... Wm

)
⎛⎜⎜⎜⎝

X11 ... X1m
. ... .

. ... .

. ... .

Xm1 ... Xmm

⎞⎟⎟⎟⎠
⎛⎜⎜⎜⎝
W T

1
.

.

.

W T
m

⎞⎟⎟⎟⎠
we know that;∑

i

WiX1iW T
1 +

∑
i

WiX2iW T
2 + · · · +

∑
i

WiXmiW T
m =

n∑
i

n∑
j

WiXijW T
j

The sum of WiXijW T
j depends whether i and j are equal or not. If i = j, this phrase is symmetric. If i ̸= j then are

WiXijW T
j and WjXjiW T

i and we know that matrix X is symmetric (Xij = Xji),

Xij(WiW T
j + WjW T

i )

Now, one should show that (WiW T
j + WjW T

i ) is symmetric. Thus, Wi and Wj are replaced by M and N , respectively,
resulting in:

(WiW T
j + WjW T

i ) = MNT
+ NMT

We know that (AT )T = A and (AB)T = ATBT , thus

= MNT
+ (MNT )T = B + BT

At the end we have U = B + BT which is symmetric, because:

Uij = bij + bji
Uji = bij + bji
Uji = Uij

This proves that MTρ is a symmetric matrix.

(2) Self-maximum:

S(a, a) = 1

S(a, a) =
2 × MTρ[a, a]

MTρ[a, a] + MTρ[a, a]
= 1
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(3) Unitary range

0 ≤ S(a, b) ≤ 1

0 ≤
2 × MTρ[a, b]

MTρ[a, a] + MTρ[b, b]
≤ 1

If we assume that MTρ is computed as below:

MTρ = WXW T
; X = YFY T

and the dimensions of matrices are MTρn∗n, Wn∗m, Ym∗p, Fp∗p, Y T
p∗m and W T

m∗n; The values of F are greater than zero:

Fab ≥ 0,
(1 ≤ a ≤ p, 1 ≤ b ≤ p)

Proof.
Y (a, :) = (r1F1, r2F2, . . . , rpFp)
Y (b, :) = (u1F1, u2F2, . . . , upFp)

(rk and uk are exists if 1 ≤ k ≤ p.)
For matrix X:

Xab =

p∑
k=1

rkukFk ≥ 0

Xaa =

p∑
k=1

rk2Fk2 ≥ 0

Xbb =

p∑
k=1

uk
2Fk2 ≥ 0

From above we conclude that the values of matrix X are larger than zero. Now, for MTρ :

W (a, :) = (q1X1, q2X2, . . . , qmXm)
W (b, :) = (z1X1, z2X2, . . . , zmXm)

(zd and qd are exists if 1 ≤ d ≤ m.)
In way:

MTρab =

m∑
d=1

qdzdXd ≥ 0

MTρaa =

m∑
d=1

qd2Xd
2

≥ 0

MTρbb =

m∑
d=1

zd2Xd
2

≥ 0

From three above phrases:

S(a, b) =
2×MTρ [ab]

MTρ [aa]+MTρ [bb] =
2×
∑m

d=1 qdzdXd∑m
d=1 qd2Xd2+

∑m
d=1 zd2Xd2

≥ 0

so S(a, b) ≥ 0

We need to show S(a, b) ≤ 1:
m∑

d=1

qd2Xd
2
+

m∑
d=1

zd2Xd
2
−

m∑
d=1

2 × qdzdXd ≥ 0

m∑
d=1

qd2Xd
2
+

m∑
d=1

zd2Xd
2

≥ 2 ×

m∑
d=1

qdzdXd

so S(a, b) ≤ 1

Finally we have 0 ≤ S(a, b) ≤ 1.
The proposed similarity measure has all these above attributes.
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4.2. Ranking similarity score based on proposed measure TSS

In this section we introduce an algorithm for similarity search based on meta-path and time. Our goal in this algorithm
is to return an ordered list of k objects that have the highest similarity to query q. In general, this algorithm has some
steps as below:

(1) Matrix–Matrix multiplication to get MTρ .
(2) Computing similarity score between query q and all of available objects j with S(q, j) =

2∗MTρ [q,j]
MTρ [q,j]+MTρ [j,j] .

(3) Extracting top-k similar objects for query q.
A pseudo-code of algorithm is presented in Algorithm 1. Time complexity of matrix multiplication to compute C =

AB, if we assume matrix A and B with m × n and n × m dimensions, is O(m ∗ n2). According to nature of sparsity in
heterogeneous networks, by using sparse matrices we can decrease runtime matrix multiplication. We use CSC format
for storing sparse matrices in most sparse matrix packages that is column-by-column method and time complexity
O(flops+nnz(B)+n+m) [23], where flops is defined as the number of nonzero arithmetic operations required to compute
the output matrix C and nnz(B) are non-zero elements of matrix B. This is time complexity for part one of algorithm 1
and for part two in worst case the query has all other objects in its neighbor, O(m).

Algorithm 1: Similarity Ranking Algorithm based on TSS Measure.
Input: Query xi, Commuting Matrix W, Time Info MatrixY, Time Weight Matrix F, K
Output: Top − k List , SortList
begin

MTρ = [W ][Y ][F ][Y ]
T
[W ]

T

neighbors(xi) = {yk|MTρ(xi, yk) ̸= 0}

xj = All of MTρ .neighbors(xi)

SimilarityScore = []

forall j ∈ xj do
values = 2 ∗ MTρ(i, :)MTρ(j, :)/(MTρ(i, i) + MTρ(j, j));
SimilarityScore.add(values)

end
end
SimilarityScore.sort();

SortList = SimilarityScore.topk(K );
return SortList;

5. Performance analysis

For our experiment, we use two available bibliographic datasets including DBLP and ACM and a multimedia dataset
that is IMDB.

5.1. Datasets

In each dataset we choose some queries to assess the performance of the metrics. Depending on the dataset our queries
are authors or actors and their selection is based on the number of papers or films that they have participated. For each
dataset we perform an analysis of the effect of time, when shows that co-authors or co-actors of a particular author or
actor in recent years are more common than those in further years. meta-paths that we study in this paper are APA
(Author–Paper–Author), ACA (Author–Conference–Author), ADA (Actor–Director–Actor) and AMA (Actor–Movie–Actor).

(1) DBLP − 1: This dataset is a biblographic network [2]. It contains 46122 authors, 54,181 papers and 404 conferences
during years 1963 to 2009. The number of queries for this data is 92.

(2) DBLP − 2: This dataset contains 1321 authors, 14,901 papers and 252 conferences during years 2000 to 2009. In
this dataset all authors have participated at least in 10 papers. The number of queries for this data is 444.

(3) ACM: The dataset contains 9658 authors, 339,581 papers and 4277 conferences between years 2000 to 2013. The
authors of this dataset have participated in at least 30 papers. We use 97 queries for this dataset.

(4) IMDB: This dataset is from IMDB networks [24] and contains 5305 actors, 2036 films and 1375 directors during
2000 to 2007. In this data actors have participated at least in 5 films. The number of queries for this data is 804.
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5.2. Performance indices

For evaluating the performance of the measures, first we divide our data into two parts: train data and test data.
Then we assess the performance in term of a number of performance indices. Various metrics have been proposed for
this purpose and here we use three of them that have been frequently used in the literature: Discount Cumulative Gain
(DCG), Mean Reciprocal Rank(MRR) and Precision.

(1) nDCG@p: This indice is used for evaluating quality of the rankings. Computation of DCG@p with query Q and rank
p is performed as [25,26]:

DCG@p = rel1(x) +

p∑
i=2

reli(x)
log2(i)

(5)

where reli denotes the relevance score for an object x at position i and which is defined in Eq. (6):

rel(x) =

{
0, if N(Q , x) = 0
1, if N(Q , x) ̸= 0

(6)

where N(Q , x) = 0 denotes the number of papers, conferences or directors (depending on the dataset) that are common
between Q and x in the test data. Finally, nDCG@p can be computed as:

nDCG@p =
DCG@p
IDCG@p

(7)

where IDCG@p is the ideal DCG for a perfect ranking.
(2) MRR@p: Having a set of queries Q , MRR@p is defined as [27]:

MRR@p =
1

|Q |

|Q |∑
i=1

1
ranki

(8)

where ranki is the first position where there is a relevance to our query.
(3) Precision@p: For each query, we have [25]:

Precision@p =
|(relq) ∩ (retq)|

p
(9)

where relq is real ranked objects and retq is retrieved ranked objects similar to the query q.
These indices are applied on each query and then averaged over all queries to give the final performance indices.

5.3. Results

In this section, we represent the results of our proposed measure TSS in similarity search and compare its performance
with other methods.

5.3.1. Impact of time weight functions on accuracy of similarity search
In this section, we study the impact of the time weight functions in the proposed similarity measure in different

meta-paths.
Figs. 3 and 4 show nDCG@p for APA (AMA) and ACA (ADA) meta-paths, respectively. Other meta-paths can be used, but

we chose a few of them. It is observed that for APA meta-path, the proposed similarity metrics with an exponential weight
function ranks better than the one with a linear function as well as PathSim. However, there is no single exponential
function that has the best performance for all cases. For example in DBLP-1 and ACM, f1 often has better performance,
while f2 ranks better in DBLP-2. In IMDB, which is a different dataset than the exponential functions, and for the values of
p = 15 and p = 20, the proposed metric with a linear weight function results in almost a similar performance as PathSim.
For ACA meta-path and in DBLP-1 and DBLP-2 datasets, f1 with α = 0.5 is often the top-performer followed by f2 with
α = 0.8 (Fig. 4). In ACM dataset, f1 with α = 0.8 has the best performance. In IMDB and for ADA meta-path, the linear
weight function performs better than others.

5.3.2. Comparing TSS with other meta-path based similarity measures
In this section, we compare TSS with PathSim and JoinSim [14] measures that do not consider the time and Temporal

measure [17] as a temporal one.
We use p = 5 in this experiment and the optional α and β . Table 2 compares the performance of the methods in term

of different performance indices and meta-paths. As it is shown, TSS is the top-performer. In some cases, it improves the
performance of the second-top method by more than 10%. In general, the other temporal method ranks better than the
other two, which does not consider the temporal information in its calculations.
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Fig. 3. nDCG@p for different values of p in four datasets. The results show the performance of PathSim and TSS with linear weight function f3 and
exponential weight functions f1 and f2 with different values of α.

In IMDB dataset, accuracy values of results are very few, it is because of nature of this data. In this case, there are
a lot of actors and directors, with different areas for acting, it is difficult to forecast which actor will work with which
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Fig. 4. nDCG@p for different values of p in four datasets. The results show the performance of PathSim and TSS with linear weight function f3 and
exponential weight functions f1 and f2 with different values of α and β .

directors. Although our measure has little improve in ranking accuracy against PathSim and JoinSim for both AMA and
ADA meta-path.
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Table 2
nDCG@5, Precision@5 and MRR@5 for different similarity measures including the proposed TASS. For
different metapaths APA and ACA for DBLP-1, DBLP-2 and ACM datasets, AMA and ADA for IMDB dataset.

6. Conclusion

In this manuscript, we have introduced a novel temporal measure for similarity search in heterogeneous networks.
The proposed measure uses meta-path framework and accounts for interaction time. Real social networks are dynamics,
and their attributes of nodes and/or edges might change over time. For example, in a heterogeneous network such as
DBLP, the authors’ interest or conferences’ popularity might change over time. We proved that the proposed temporal
similarity measures has all properties required for a similarity measure. We then tested the effectiveness of the proposed
measure with a number of state-of-the-art methods including a temporal one. To this end, four datasets were chosen. Our
experiments showed that having comparable computational complexity, the proposed similarity measure outperformed
others in term of various performance indices. This method can be used in various application such as designing efficient
recommendation systems where are the need to compute similarity between different network entities and TSS can be
used to in the link prediction problem, in which the aim is to predict missing or spurious relationships in networks. For
future work, we can examine other metapaths with different semantics by modeling other phenomena as networks and
see effectiveness of time in them.
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