IEEE TRANSACTIONS ON COMPUTATIONAL SOCIAL SYSTEMS, VOL. 4, NO. 4, DECEMBER 2017

207
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Abstract— Analyzing “what topics” a user discusses with
others is important in social network analysis. Since social
relationships can be represented as multiobject relationships (e.g.,
those composed of a user, another user, and the topic of communication), they can be naturally represented as a tensor. By factorizing the tensor, we can perform communication prediction
that predicts links among users and the topics discussed among
them. The prediction accuracy, however, is often inadequate for
applications because: 1) users usually discuss a variety of topics,
and thus the prediction results tend to be biased toward popular
domains and 2) topics that are rarely discussed among users
trigger the sparsity problem in tensor factorization. Our solution,
cross-domain tensor factorization (CrTF), first determines the
topic domain by analyzing communication logs among users
using the DBpedia knowledge base and creates a tensor composed
of users, other users, and the topics of communication for
each domain; it avoids strong bias toward particular domains.
It then simultaneously factorizes tensors across domains while
integrating semantics from DBpedia into factorizations; this
solves the sparsity problem. Experiments using Twitter data
sets show that CrTF achieves higher accuracy than the state-ofthe-art tensor-based methods and extracts key topics and social
influencers for each domain.
Index Terms— Computing/semantic web, mathematics/
prediction algorithms, professional communication/recommender
systems, professional communication/social network services.

I. I NTRODUCTION

S

OCIAL network analysis [21], [27] has become an important business area, because social aspects can enhance
Web applications and can be used by marketing experts in
developing their strategies. For example, recent recommendation studies indicated that users’ future preferences are influenced by the topics of discussion with their friends [9], [13].
In fact, Amazon and Facebook recently have joined forces
to show users their Facebook friends on Amazon and enable
users to find out what their friends like in terms of movies,
music, and so on. In addition, social networks have been used
in political campaigns [26]. Political parties want to know
people’s opinions about their policies and to identify topics
discussed by social network users and social media influencers.
For example, Obama and Romney campaign staff regularly
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engaged in “Twitter duels” online, with reporters and activists
being the intended audience.1 Therefore, analyzing what topics
users will be interested in through communication with other
users is important for political parties to enhance their policies.
One approach to doing such analyses is to represent social
relationships on the Web as multiobject relationships. Such
social relationships can be seen in social networks formed in
Twitter composed of users who retweet tweets, topics in the
tweets, and users who wrote the original tweets (retweeted
users). Here, a topic represents a subject matter of a tweet
and is formed by a phrase; we note that the term “topic”
in this paper is not identical to the “topic” used in the
research studies in topic modeling [4]. Phrases representing
topics can be estimated from tweets by using the semantic
Web study that accurately extracts tweets that mention a
targeted domain [15] or DBpedia spotlight, which is a tool
for automatically annotating mentions of DBpedia resources
in text [14]. Tensors are suitable representations for such
multiobject relationships. The previous 2-D (user-retweeted
user) matrix can be turned into a 3-D (user-topic-retweeted
user) tensor. The factorization of this tensor leads to a compact
model of the data; it clusters users with the topics discussed
among them. This enables communication prediction that
predicts social relationships with the topics discussed among
users. Previous 2-D social network analyses by matrix factorization or random walk methods [6], [8] cannot perform
communication prediction with the topics discussed.
The predictions of current tensor factorization schemes,
however, can fail for two reasons. First, users discuss many
different topics in different domains, so the prediction results
often tend to be biased toward the domains that are the most
common [16]. Here, a domain is defined by a set of topics that
are related to a key topic discussed among a social network.
For example, consider two social networks related to key
topics “Rahul Gandhi” and “Narendra Modi,” the political
leaders of the Indian National Congress (INC) and Bharatiya
Janata Party (BJP), the two major political parties in India.
In the discussions among users on these two social networks,
one could find several common topics; however, many other
topics would be strongly biased toward one of those social
networks. We can merge social relationships in those two
social networks to create a merged social network and factorize
a tensor created for the merged social network to compute
the communication prediction. The results, however, would
tend to be biased toward one of those domains that has many
more observations than the other. As a result, the overall
1 http://www.epolitics.com/2014/04/09/
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Fig. 1.
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Creating tensors for individual topic domains.

prediction accuracy falls dramatically. The other problem is
that there are many sparse topics that are rarely observed in
each social network. According to the long-tail theory [1],
a few topics are discussed often in a social network but most
topics tend to be rarely discussed. As a result, there are only
a few observed elements indicative of possible multiobject
relationships in a tensor. This leads to the sparsity problem
in tensor factorization [20].
To solve the above-mentioned problems, we propose crossdomain tensor factorization (CrTF); it performs a coupled
analysis of tensors created from two different social networks
as well as incorporates semantic knowledge extracted from
DBpedia [3] into tensor factorization. It is found based on
two ideas.
1) It extracts a social network created for a targeted topic
domain and creates a tensor for each social network.
The procedure is as follows: it first crawls the tweets
that include the name of “the representative entity”
in the DBpedia knowledge base (e.g., “Rahul Gandhi”
if we want to analyze social networks for that politician).
The key topic in extracting a social network should be
selected from the DBpedia entity and we call this entity
as “the representative entity” for this social network.
It next extracts the entities that are within a few hops
from the representative entity in the DBpedia knowledge
base. It then extracts topics in tweets that match the
name of the above-mentioned entities and links those
topics to DBpedia entities. Finally, it creates tensors
for the social networks of the two domains linked with
DBpedia entities. By using separate tensors for each
domain, it can avoid strong biases toward particular
domains.
Fig. 1 shows an example of social relationships among
three objects: a user who retweets tweets, topics in

the tweets, and retweeted users who wrote the original
tweets. For example, user u 1 retweeted a tweet containing topic t1 described by retweeted user v 1 . Here, we can
restrict the vocabulary of the topics to the names of the
entities that are within two hops from the representative
entity “Rahul Gandhi,” in this case, E1, E2, E3, E4,
E5, and E6. As a result, CrTF can create a tensor linked
to semantic entities; it focuses on the social network for
“Rahul Gandhi.”
2) It uses semantic knowledge behind the sparse topics in
tensor factorization to solve the sparsity problem. It first
propagates sparse topics to neighboring entities of the
entity linked by that topic in the DBpedia entity space.
It next creates a semantically augmented tensor that
adds the relationships composed of those neighboring
entities propagated from sparse topics to the tensor
created in the above-described idea 1 for each domain.
It then simultaneously factorizes the individual tensors
and semantically augments tensors in two domains.
During factorization, it incorporates the semantic biases
generated from the propagated entities in the augmented
tensors into the features for the sparse topics in the
individual tensors. This approach solves the sparsity
problem in tensor factorization across domains.
In Fig. 1, suppose that there are only a few observations
for topics t1 , t2 , and t3 . In such a case, the prediction
accuracy may fail, because the factorized results tend
not to reflect such sparse topics. CrTF propagates observations for sparse topics t1 and t2 to the neighboring
entity E2 of entities E1 and E3 that are linked by t1
and t2 . CrTF applies biases from entity E2 to t1 and
t2 when the individual tensor for the “Rahul Gandhi”
domain is factorized. It also applies biases to t2 and
t3 by using entity E5, which neighbors E3 and E7,
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when the individual tensor for “Rahul Gandhi” and that
for “Narendra Modi” are factorized. In this way, CrTF
analyzes sparse topics over the semantic entity space
across domains and solves the sparsity problem.
We applied our ideas to variational nonnegative tensor
factorization (VNTF), an extension of variational nonnegative
matrix factorization (VNMF) [5]. We used VNTF because it is
based on Poisson–Gamma priors for parameters and is suitable
for predicting communication frequencies among users that
often follow long-tail distributions.
We evaluated CrTF by using: 1) retweeting relationships
among users focused on political parties in India and 2) those
in the Middle East.2 To the best of our knowledge, this is the
first study that makes communication predictions with topics
discussed among users and uses a semantic space in factorizing
the tensors created across domains to improve prediction
accuracy. The results show that CrTF outperforms the state-ofthe-art methods, including VNTF, generalized coupled tensor
factorization (GCTF) [7], and semantic data representation for
tensor factorization (SRTF) [17]. It can also cluster key topics
and social media influencers with semantic labels for each
domain.
This paper is organized as follows. Section II describes
related work and Section III introduces the background of this
paper. Section IV explains our method in detail and Section V
evaluates our method. Finally, Section VI concludes this paper.
II. R ELATED W ORK
Tensor factorization methods are one of core AI technologies like deep neural networks [24] and have recently
been used in various applications such as social network
analysis [12] and recommendation [22]. Among the recent
proposals, semantic data representation for tensor factorization (SRTF) [17], and its extension, semantic-sensitive tensor
factorization (SSTF) [18] incorporates semantic knowledge in
terms of taxonomies/vocabularies extracted from linked open
data (LOD) in tensor factorization. It can solve the sparsity
problem by providing semantic biases to the feature vectors for sparse objects in multiobject relationships. However,
SRTF and SSTF are not designed for cross-domain analysis
even though LOD can be used for mediating distributed
objects in different service domains [3]. GCTF [7], [25]
and a few other studies [23], [29] have tried to incorporate
extra information into tensor factorization by simultaneously
factorizing observed tensors (e.g., user-item-time tensor) and
matrices (e.g., user-tag matrix) representing extra information
via shared objects (users). GCTF, however, has no ability to extract social networks for individual topic domains.
It can be applied to our idea; factorizing the tensors created
from individual social networks, while integrating tensors via
shared objects (users). There are, however, no tensor methods
that exploit semantics to solve the sparsity problem across
domains.
More recently, we proposed semantic-sensitive simultaneous
tensor factorization S 3 T F [19] that includes the semantics
2 The data sets and our MATLAB code can be acquired by mailing the
authors.
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behind objects into tensor factorization, and thus analyzes
users’ activities across different services. S 3 T F, however, uses
Gaussian priors for its parameters, and thus is not suitable for
predicting communication frequencies among users that often
follow long-tail distributions.
III. P RELIMINARIES
Here, we explain VNMF [5], since we base our ideas on its
framework.
First, let us introduce the notation used in this paper and
used to explain VNMF. VNMF can deal with the biobject
relationships formed by user u m and retweeted user v n ; u m
denotes the mth user who retweets tweets that were originally
written by user v n , which is the nth retweeted user. Matrix
factorization assigns a D-D latent feature vector to each
user and retweeted user, denoted as um and vn , respectively.
Here, um and vn are D-D column vectors. We define a
matrix R, whose element rm,n represents the frequencies of
communications made by the biobject relationships formed
by user u m and retweeted user v n . We can approximate R as
the inner product of the above two vectors as follows:
D
u i,m · v i,n .
(1)
rm,n ≈ um , vn  ≡
i=1

Index i represents each vector’s i th element. The matrix
representations of um and vn are U ≡ [u1 , u2 , . . . , u M ] and
V ≡ [v1 , v2 , . . . , v N ], respectively.
Now, let us explain VNMF that computes the unobserved elements in R on the basis of variational Bayes [2].
VNMF computes the unobserved frequencies R by marginalizing over model parameters U, V and hyperparameters
 ≡ (Au , Av , Bu , Bv )

p(R|) = dUdV p(R|U, V) p(U, V|)
(2)
where Au , Av , Bu , and Bv are hyperparameters used to generate gamma distributions as explained below. VNMF computes
the approximating marginal log-likelihood log p(R|) based
on the variational Bayes method. We here summarize its procedure as follows (please see [5] for the detailed procedure and
we define .âˆ− and ./ as elementwise matrix multiplication
and division, respectively).
1) Initialize feature matrices for users U and retweeted
users V as well as logarithmic feature matrices for users
U and retweeted users V .
For example, U and U are prepared as U(0) = U (0) ∼
g(Au , Bu ./Au ), where the function g(Au , Bu ./Au ) generates a matrix whose elements have random numbers
from a gamma distribution with a shape matrix Au and
scale matrix Bu ./Au . Au and Bu are hyperparameters
for U. V (V ) is initialized in the same way.
2) Repeat steps (a)–(c) L times until the approximating
marginal log-likelihood is converged. Implementally,
we set L to be the maximum iteration count.
a) Compute u and v , which are sources of sufficient statistics for U and V, respectively. For
example, VNMF computes u as
u = U . ∗ (((X. ∗ R)./(U V ))V )
T
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where X is a matrix whose element x m,n is 1 if rm,n
is observed and 0 if not. v is computed similarly.
b) Update U and V. For example, U is updated as

TABLE I
D EFINITION OF M AIN S YMBOLS

U = αu . ∗ βu
where αu = Au + u and βu = 1./(Au ./Bu +
R. ∗ VT ). V is updated similarly.
c) Update U and V . For example, U is updated as
U = exp((αu )).∗βu .  is the digamma function
[2]. V is updated similarly.
3) Finally, VNMF computes the unobserved elements in R
by applying U and V to (1).
IV. M ETHOD
We now explain our method in detail. First, we extend
VNMF to VNTF, which is an instance of the CANDECOMP/PARAFAC decomposition [11]. Then, we explain our
CrTF that applies the VNTF to perform a coupled analysis
of tensors created from two different social networks as well
as incorporates semantic knowledge extracted from DBpedia.
Please see Table I also.
A. Variational Nonnegative Tensor Factorization
Here, we explain VNTF. We use the Variational Bayes,
because it is based on Poisson–Gamma priors for parameters and is suitable for predicting communication frequencies
among users that often follow long-tail distributions. As long
as the communication frequency follows such a low power,
the Poisson–Gamma priors are widely applicable for all the
communication frequency prediction cases.
First, let us introduce the notation used in VNTF in addition
to the notations used by VNMF. This paper deals with the
multiobject relationships formed by user u m , retweeted user
v n , and topic tk ; the mth user u m retweets tweets that were
originally written by the nth retweeted user v n and that include
the kth topic tk . Tensor factorization assigns a D-D latent
feature vector to each user, retweeted user, and topic, denoted
as um , vn , and tk , respectively. Here, um , vn , and tk are Dlength column vectors, respectively. We define a tensor R,
whose element rm,n,k represents the frequencies made for the
multiobject relationships formed by user u m , retweeted user
v n , and retweeted topic tk . We can approximate R as the inner
product of the above-mentioned three vectors as follows:
rm,n,k ≈ um , vn , tk  ≡

D


u i,m · v i,n · ti,k .

(3)

i=1

Index i represents each vector’s i th element. The matrix
representations of um , vn , and tk are U ≡ [u1 , u2 , . . . , u M ],
V ≡ [v1, v2 , . . . , v N ], and T ≡ [t1 , t2 , . . . , t K ], respectively.
VNTF computes the unobserved frequencies R by marginalizing over model parameters U, V, T and hyperparameters
 ≡ (Au , Av , At , Bu , Bv , Bt )

p(R|) = dUdVdT p(R|U, V, T) p(U, V, T|) (4)
where Au , Av , At , Bu , Bv , and Bt are hyperparameters used to
generate a gamma distribution as explained in the following.

Now, let us explain VNTF that computes the unobserved
elements in R on the basis of variational Bayes [2] in the
same way the VNMF does. It works as follows.
1) Initialize feature matrices for users U, retweeted users
V, and retweeted topics T as well as logarithmic feature
matrices for users U , retweeted users V , and retweeted
topics T . For example, U is prepared as U(0) = U (0) ∼
g(Au , Bu ./Au ), where the function g(Au , Bu ./Au ) generates a matrix whose elements have random numbers
from a gamma distribution with a shape matrix Au and
scale matrix Bu ./Au . Au and Bu are hyperparameters
for U. V (V ) and T (T ) are initialized in the same way.
2) Repeat steps (a)–(c) L times, where L is the maximum
iteration count.
a) Compute u , v , and t , which are sources of
sufficient statistics for U, V, and T, respectively.
In computing u , VNTF divides a tensor into
frontal matrices R:,n,: (the user-topic adjacency
matrix for retweeted user v n ) and R:,:,k (the
user-retweeted user adjacency matrix for topic tk ),
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computes sources of sufficient statistics for
those matrices in the same way as VNMF, and
summarizes the results as follows:



1 
 
T
((XRn )./(U T ))T
u = U . ∗
2
n



T
((XRk )./(U V ))V
+
k

(5)
where XRn
≡
X:,n,: . ∗ R:,n,: and
XRk ≡ X:,:,k . ∗ R:,:,k . X is a tensor whose
element x m,n,k is 1 if rm,n,k is observed and 0
if not. u is computed from the two kinds of
frontal matrices, so it is adjusted by dividing the
numerator by 2. v (t ) is computed similarly.
b) Update U, V, and T. For example, U is updated
using frontal matrix Rm,:,: in the same way the
VNMF did
U = αu . ∗ βu


where αu = Au + u and βu = 1./ Au ./Bu +


T
1
T
. U is updated with
m Rm,:,: V + Rm,:,: T
2
the inner products of two different combinations
of matrices, Rm,:,: and V, and Rm,:,: and T.
Therefore, it is adjusted by dividing the numerator
by 2. V (T) is updated similarly.
c) Update U , V , and T in the same way as VNMF
(e.g., U is updated as U = exp((αu )). ∗ βu . 
is the digamma function [2]). V (T ) is updated
similarly.
3) Finally, VNTF computes the unobserved elements in R
by applying U, V, and T to (3).
B. Cross-Domain Tensor Factorization
Now, we explain the CrTF in this section.
1) Creating a Tensor for Each Retweeting Network: Tweets
are written in natural language and could be about anything. Hence, they could be on any topic as well. As such,
CrTF links topics in tweets to DBpedia entities of our
target domain while removing unrelated tweets. We used
the results of a semantic Web study [15] that accurately
extracts blog entries that mention a targeted domain as
follows.
1) CrTF crawls retweets that include the name of the
representative entity to determine the target topic
domain. The representative entity should be chosen by
experts who want to analyze the retweeting network
for that domain. For example, they can set “Rahul
Gandhi” as the representative entity, as explained using
Fig. 1.
2) It crawls DBpedia entities that are a few hops away from
the representative entity and creates a set vocabulary of
entities E for the targeted domain. Here, we consider that
one hop is from a subject entity to an object one and vice
versa in a DBpedia triple. For example, if the subject is

“Rahul Gandhi,” the predicate is “Political party,” and
the object is “INC,” it considers “INC” to be one hop
from “Rahul Gandhi” and adds “INC” to E. We also
remove some Stop-words (words that are too ambiguous
to indicate the domain) such as “Agent” and “Website”
from E.
3) It extracts the topics from tweets crawled in step 1.
If the tweets include the name of E i in E, we consider that those tweets describe a topic related to E i .
This step disambiguates topics that may have several meanings, because the tweets include both the
name of a representative entity and the names of entities that are semantically related to the representative
one.
Then, it creates a tensor Rd composed of a user u m who
retweeted a tweet, the topic tkd of the tweet, and another user v nd
who wrote the original tweet for the particular domain d.
We assume that user u m can be in several domains. This
assumption is natural, because users tweet on a diverse range
of topics. If u m retweets nothing in domain d, the value
d
is not assigned (the value is “N/A”). The
for element rm,n,k
number of users is M. The number of retweeted users and
number of topics in domain d are Nd and K d , respectively.
CrTF also creates an original tensor, R that merges the tensors
created for each domain. The number of users, number of
retweeted users, and
 number of topics in R are M, N =

N
,
and
K
=
d d
d K d , respectively.
2) Tensor Augmentation: CrTF augments the tensor created
for each domain by incorporating semantic entities behind the
sparse topics into the tensor. The set of sparse topics Td in
domain d is defined as the group of the most sparsely observed
topics tsd s among all topics in domain d. It is computed as
follows.
1) CrTF first sorts the topics in domain d from the rarest
to the most common and creates a list of topics:
d , td , . . . , td
d
d
{ts(1)
s(2)
s(n−1) , ts(n) }. For example, ts(2) is not
d
less sparsely observed than ts(1).
2) It iterates the step 3 from j = 1 to j = N.
3) If it satisfies the following equation,CrTF adds the j th
d
d
d
sparse item ts(
m,n,k x m,n,k ) < δ,
j ) to set T : (|T |/
d
where T initially does not have any items and |Td |
is the number of items in set Td . If not, it stops the
iterations and returns the set Td as the most sparsely
d
d
is 1 if rm,n,k
is observed
observed topics. Here, x m,n,k
and 0 if unobserved.
In the above-mentioned procedure, δ is a parameter used to
determine the number of sparse topics in Td .
We denote an entity linked to a topic t dj as e j . Then, we can
denote the number (size) of neighboring entities of e j , which
is linked by the sparse topic t dj , as S d = | t d ∈Td f (e j )|,
j
where the function f (e j ) returns the set of neighboring
entities of e j in the DBpedia network. We also denote the
sth neighboring entity in set t d ∈Td f (e j ) as nes . Hereafter,
j
for simplicity, this paper assumes the number of domains is
two.
CrTF constructs an augmented tensor for domain d, Ad ,
as follows.
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Examples of our factorization process.

d
d
1) CrTF inserts each observed element rm,n,
j into A as
d
am,n,
j if j is (1 ≤ j ≤ K ). For example, let us consider
the augmentation of the tensor R1 in domain 1 in Fig. 1.
CrTF inserts multiobject relationships composed of u 1 ,
t2 , and v 1 in R1 into A1 .
2) CrTF also inserts multiobject relationship composed of
user u m , retweeted user v n , and neighboring entity nes
of sparse topics across domains into Ad . This element,
d
d
am,n,(K
+s) , is computed as follows (1 ≤ s ≤ S ):


d
l
l
am,n,i
x m,n,i
.
am,n,(K
+s) =
1≤l≤2,ei ∈ f (nes )

1≤l≤2,ei ∈ f (ne s )

In the above-mentioned equation, the reason why it
l
is that it avoids
computes the average value of am,n,i
inserting duplicated relationships made by the same
combination of user u m and retweeted user v n . For
example, in Fig. 1, CrTF inserts multiobject relationships composed of u 1 , E 2 , and v 1 in R1 into A1 , if t1
is a sparse topic in domain 1. It also inserts multiobject
relationships composed of u 2 , E 5 , and v 2 in R1 into A1 ,
if t3 is sparse topic in domain 2.
In Fig. 2(a), CrTF propagates the sparse topics in T1
(or T2 ) to neighboring entities [the size is S 1 (S 2 )] and creates
an augmented tensor A1 (A2 ) from R1 (R2 ).
3) Simultaneously Factorizing Tensors Across Domains:
CrTF now factorizes tensors across domains simultaneously
by using the VNTF framework. It extends the ideas of SRTF
to perform CrTF. The key ideas in our factorization process
are as follows.
1) It simultaneously factorizes the original tensor R, tensors Rd s, and their augmented tensors Ad s. During
these factorizations, it computes the feature vector um
from R, the feature vectors vnd and tkd from Rd , and the
semantically biased feature vector for topics cdj from Ad .
Here, vnd s are shared in the factorizations of Rd and Ad .
As a result, the semantic biases from Ad can be shared
among the tensor factorizations via those parameters.

Fig. 2(b) shows the i th row vector of the feature vectors
1 is shared
factorized from the tensors. For example, v:,i
1
1
in factorizing R and A .
2) It also lets the feature vector for each user um , which
is computed by factorizing original tensor R, be shared
in the factorizations of R1 , R2 , A1 , and A2 . This is
because users are included in multiple domains, and
thus, their feature vectors should be learned from multiobject relationships in both domains. This approach
has another effect; it also can circulate semantic biases
learned from A1 and A2 across domains via the user
feature vector. In Fig. 2(b), the factorizations of tensor
R, R1 , R2 , A1 , and A2 share u:,i .
3) It updates the latent feature for the sparse topic tsd
by incorporating semantic biases from cdj s. cdj s are
feature vectors for neighboring entities of the entity
d
linked by tsd . In Fig. 2(c), each row vector c:,i
has latent features for K d topics and those for S d
d share semantic knowledge
entities. The features in c:,i
of the sparse topics and are helpful to solve the sparsity
problem.
4) CrTF Procedure: The procedure is summarized as below
following the way we did for VNTF.
1) Create the original tensor R, the tensors for
the individual domains Rd , and their augmented
tensors Ad .
2) Initialize a latent feature matrix for users U for the
original tensor as well as a feature matrix for retweeted
users Vd , one for topics Td , and a semantically biased
feature matrix for topics Cd in each domain d in
(0)
the same way as the VNTF procedure [e.g., Cd
∼
d
d
d
g(Ac , Bc ./Ac )]. Similarly, initialize a logarithmic feature matrices for users U for the original tensor as well

as a logarithmic feature matrix for retweeted users Vd ,

d
one for topics T , and a semantically biased logarithmic

feature matrix for topics Cd in each domain d in
(0)
the same way as the VNTF procedure [e.g., Cd
∼
g(Adc , Bcd ./Adc )].
3) Repeat the following steps L times, where L is the
maximum iteration count.
a) Repeat steps (a)–(e) in the order of d (1 ≤ d ≤ 2).
During each iteration, U is shared among the tensor
factorizations in two domains [approach (B)].
i) Compute sources of sufficient statistics for
U, Vd , Td , and Cd , denoted as u , vd ,
td , and cd , respectively. The computation
proceeds in the same way as step 2(a) of
the VNTF procedure. For example, td is
computed as
td
1 
= Td . ∗
2






T
(XRdm ./(Td Vd ))Vd



m



d
d 
T
(XRn ./(T U ))U
+
n

(6)
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and cd is computed as



1 d
d
d
d d
d T
(XRm ./(c V ))V
c = c . ∗
2
m



d
d 
T
(XRn ./(c U ))U
+

TABLE II
E XAMPLES OF E NTITIES U SED IN THE I NDIAN D ATA S ET
(T HEY A RE S EPARATED BY C OMMAS IN T HIS TABLE )

n

(7)
d
d
where XRdm ≡ Xm,:,:
. ∗ Rm,:,:
and XRdn ≡
d
d . The above-mentioned two equa. ∗ R:,n,:
X:,n,:

tions share U and Vd [approach (A)].

ii) Update the feature matrices U, Vd , Td , and
Cd . The update proceeds in the same way as
step 2(b) in the VNTF procedure. For example,
Td is computed as
Td = αtd . ∗ βtd
where αtd = Adt + td and βtd = 1./(Adt ./Btd +

d U T + R d Vd T )).
(1/2) k (R:,:,k
:,:,k
Similarly, Cd is computed as
Cd = αcd . ∗ βcd
where αcd = Adc + cd and βcd = 1./(Adc ./Bcd +
1
d
d
T
dT
k (R:,:,k U + R:,:,k V )). As in step (a)
2
[approach (A)], the above-mentioned two equations share U and Vd .
iii) Update tkd by incorporating semantic biases
from cdj s in tkd if tkd ∈ Td as following equation
[approach (C)]:

d
e j ∈ f (ek ) c(K + j )
d
.
tk =
| f (ek )|






iv) Update U , Vd , Td , and Cd in the same way
(l+1)
as VNTF does [e.g., Cd
= exp((αcd )).
d
∗ βc ].


v) Update tkd by incorporating c d s in tkd as in
step (c) [approach (C)].
4) Finally, CrTF computes unobserved elements in Rd by
substituting U, Vd , and Td in (3).
The computational complexity of CrTF is linear with respect
to that of VNMF, which is (3(M + N + K )+(S1 +S2 )). This is,
however, not a barrier to real applications, because a scalable
VNMF has been proposed [10].
V. E VALUATION
This paper evaluates CrTF from the following viewpoints:
1) the accuracies of communication frequencies and 2) the
results of clustering key topics and social media influencers
with semantic labels.
A. Data Set
We use the following two data sets3 :
3 They
were
crawled
http://tw.rpi.edu/web/project/cosmic

in

the

COSMIC

project:

1) The Indian data set includes tweets for the topic
domains, “Rahul Gandhi” and “Narendra Modi,” the
political leaders of the INC and BJP. The tweets were
from January to February in 2014. Users discussing
these groups formed different social networks. The INC
data set had 345 094 tweets, 6429 retweeted users,
1219 topics linked to DBpedia entities, and retweets
by 25 549 users. The BJP one had 325 906 tweets,
6919 retweeted users, 2166 topics linked to DBpedia
entities, and retweets by 55 386 users; 6283 users were
in both networks. Table II shows examples of DBpedia
entities extracted from this data set. The INC data set and
the BJP data set have almost the same number of tweets;
however, the number of users, that of topics, and that
of retweeted users in the INC data set are much more
than those in BJP data set. Thus, the communication
frequencies made in the INC data set are much more
greater than those in the BJP data set.
2) The Middle East data set that includes tweets for the
Hamas and Hezbolla political topic domains. The tweets
were from April to May in 2013. The Hamas data set had
43 015 tweets, 5484 retweeted users, 768 topics linked
to DBpedia entities, and retweets by 5166 users. The
Hezbolla one had 123 670 tweets, 8477 retweeted users,
1063 topics linked to DBpedia entities, and retweets
by 20 610 users; 2102 users were in both networks.
Apparently, the communication frequencies made in the
Hezbolla data set are much more greater than those in
Hamas data set.
B. Compared Methods
The compared methods were as follows.
1) VNTF factorizes the original tensor.
2) SRTF factorizes the original tensor and its augmented
tensor.
3) Cr-GCTF applies GCTF [7] to our Idea and factorizes
tensors for individual domains simultaneously. GCTF is
the current best method that factorizes tensors simultaneously to predict observation frequencies that follow
the Poisson–Gamma distribution. It, however, cannot use
semantics from DBpedia.
4) CrTF(1.0) factorizes the original tensor, tensors for individual domains, and their augmented tensors simultaneously while applying semantics to all topics (δ = 1.0).
5) CrTF(0.5) (our method) factorizes the tensors simultaneously while applying semantics to sparse topics
(δ = 0.5).
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TABLE III
RMSE VALUES FOR I NDIAN D ATA S ET

Fig. 3.

Distribution of topic frequencies.

The previous social network analyses using matrix factorization [6], [28] focus on predicting relationships composed
of two objects. Those that use the random walk method [8]
focus on ranking objects. Thus, they cannot be compared with
our method.
C. Methodology
We split the Indian (Middle East) data set into retweets in
January (April) and those in February (May). We used the
retweets in the first month as the training data set and those in
the last month as the test data set. Following the methodology
used in previous studies [5], [10], [17],
we computed the root
mean square error (RMSE), i.e., (( ni=1 (Pi − Ri )2 )/n)1/2 ,
where n is the number of entries in the test data set, and
Pi and Ri are the predicted and actual values of the i th entry,
respectively. To assess the overall improvement in accuracy,
the RMSE values were computed for two domains jointly.
We set the number of feature vectors, D, to 10, since it
gave the highest accuracies for all methods. Following [5],
the elements in Adx and Bxd , which are used to generate Gamma
distributions, were 1 (x ∈ {u, v, t, c}). Iteration count, L, used
in VNMF, VNTF, and CrTF was set to 100.
D. Results
We first investigated the sparseness of the topics. Fig. 3
shows the log10 scale distribution of topic frequencies in the
Indian data set. We can see that the frequencies exhibit a longtail characteristic. Thus, the number of observed multiobject
relationships became very sparse relative to the possible combinations of topics. The distribution of the Middle East data
set showed a similar tendency.
We then confirmed the accuracy of CrTF(0.5) when we varied the number of hops h to determine the size of the domains
from one to three. The accuracy when h equaled 2 was better
than that when h equaled 1, because the observed topics were
too sparse to compute predictions when h equaled 1. Accuracy
became worse when h equaled 3, because the bias of popular
topics grows as the social domain becomes wider. Thus, we set
h to 2 hereafter.
We also confirmed the accuracy of CrTF saturated before
L = 50. This means that CrTF converges quickly. Because
CrTF shared the feature matrices among the tensors in different domains, the RMSE values changed dramatically in the
first few iterations and saturated rapidly.
Tables III and IV compare the accuracies of the methods
on both data sets. Here, CrTF(0.5) and SRTF performed much
better (lower RMSE) than VNTF. This is because CrTF(0.5)

TABLE IV
RMSE VALUES FOR M IDDLE E AST D ATA S ET

can avoid a strong bias on one of the two domains and
semantic biases are helpful for solving the sparsity problem
in tensor factorization. On the other hand, VNTF produced
poor predictions, because the BJP (Hamas) users are more
numerous than the INC (Hezbolla) users. SRTF, however, was
less accurate than CrTF(0.5). Thus, we can see that the coupled analysis of two tensors is useful, because it can circulate
the knowledge of the communication tendencies of users as
well as semantic biases from the shared semantic concept
space across domains. Furthermore, CrTF(0.5) outperformed
Cr-GCTF. Note that the accuracy of Cr-GCTF owes to our
idea that avoids the bias problem toward some of the domains,
which have more observations than others by creating tensors
for individual domains and factorizing them simultaneously.
GCTF is the current best tensor method that factorizes several tensors simultaneously according to the evaluation made
by [7]. Thus, from these results, we can conclude that our
factorization method that incorporates semantic biases into
the factorizations of tensors created for individual domain
is very useful. CrTF(0.5) was better than CrTF(1.0) though
CrTF(1.0) is still better than Cr-GCTF. This indicates that it
is not useful to incorporate semantics in nonsparse objects.
Finally, CrTF(0.5) was more accurate than the other methods.
It achieves higher accuracy than the state-of-the-art methods,
VNTF and SRTF, with a statistical significance of α < 0.05.
Table V shows examples of differences between the predictions of VNTF and CrTF(0.5) for the Indian data set.
The columns “VNTF,” “CrTF,” and “Actual” list predictions
by VNTF, CrTF(0.5), and actual values for the multiobject
relationships found in the test data set, respectively. CrTF(0.5)
could more accurately predict multiobject relationships composed of users, topics, and retweeted users than VNTF could,
since it could use the semantics behind the topics being discussed. For example, a tweet including “Mohan Bhagwat” [the
chief of the Rashtriya Swayamsevak Sangh (RSS)] described
by retweeted-user “2” was retweeted by user “1” in the training
data set. In addition, a tweet including “RSS”4 described by
retweeted-user “2” was retweeted by user “1” in the test
data set. Our data set did not include many tweets including
“RSS” or “Mohan Bhagwat” and those DBpedia entities are
included in BJP domain in our data set; however, CrTF(0.5)
accurately predicted this combination, since it could use the
4 The right-wing charitable, educational, volunteer, Hindu nationalist, and
nongovernmental organization.
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TABLE VI
C LUSTERING M ULTIOBJECT R ELATIONSHIPS FOR I NDIAN D ATA SET

semantic knowledge that “Mohan Bhagwat” is a neighbor
entity of “RSS” in the DBpedia knowledge base (“Mohan
Bhagwa” has a predicate “keyPerson” with “RSS” in DBpedia)
as well as it could avoid a strong bias on the INC data set.
Another example is that a tweet including “Manmohan
Singh”5 by retweeted-user “4” was retweeted by user “3” in
the training data set. Furthermore, a tweet including “Atal
Bihari Vajpayee”6 by retweeted-user “4” was retweeted by
user “3” in the test data set. Our data set did not have
many tweets including “Atal Bihari Vajpaye” and “Atal Bihari
Vajpaye” is included in the BJP domain; however, CrTF(0.5)
accurately predicts this combination, since it could avoid
a strong bias on the INC data set and it could use the
semantic knowledge that “Manmohan Singh” has a predicate
“successor” (of Prime minister) with “Atal Bihari Vajpaye.”
Note that CrTF has other applications. For example, if we
use music topics instead of political ones, a communication
prediction for music can be computed. This prediction can be
applied to music recommendation systems that now use users’
social relationships in their recommendations.
Table VI shows the clustering results for the Indian data set.
We computed the probability that the multiobject relationship
composed of u m , v n , and tk is included in the i th cluster among
D dimensions by the following equation:
u i,m · v i,n · ti,k

(1 ≤ i ≤ D).

We selected the cluster that gave the highest value for
the above-mentioned equation for each multiobject relationship. The columns “User group,” “Topics,” and “Retweeted
user group” present the user groups, topics, and retweeted
user groups classified in the same dimension, respectively.
The column “Topics” also refers to the combination of the
DBpedia predicate and the subject (or object) of each entity.
Thus, the table presents key topics and social media influencers
with semantic labels. By checking the DBpedia knowledge,
we can easily understand the background of each cluster.
5 An Indian economist who served as the Prime Minister of India from
2004 to 2014.
6 An Indian statesman who was the 10th Prime Minister of India, first for
13 days in 1996 and then from 1998 to 2004.

In each cluster, we can also find the retweeted user group
that provided the authoritative tweets for the topics in the
cluster as well as the user group that distributed those topics.
For example, cluster A had user group 1 (that distributed
topics focusing on political leaders in “INC”) as described
by retweeted user group 2. It nicely contained the related
topics such as “Raj Babbar,” a politician in “INC,” “Gita
Metha” who is a daughter of a famous INC politician “Biju
Patnaik,” and “Lok Sahba,” which is the lower house of the
Parliament of India. In the same way, cluster B contained user
group 3 (that distributed topics focusing on political leaders
in “Rashtriya Janata Dal” and “Shiv Sena” that belong to the
“United Progressive Alliance” as well as international political
experts on Indian politics such as “Peter Hain”) as described
by retweeted user group 4. Interestingly, cluster B mainly
includes the communications made for the third parties of
Indian politics. We could not extract such clusters by using
VNTF. This is because CrTF could avoid a strong bias on the
INC data set and well extract a group of such communications.
The clustering results let political parties analyze who are
social influencers, what topics they are tweeting, and who
retweets those influencers’ opinions to their followers with
respect to those parties. By analyzing the users’ descriptions
tweeted in those clusters, political parties can reflect those
opinions to their policies.7
VI. C ONCLUSION
This paper proposes CrTF that represents a new research
direction for cross domain analysis, since it can effectively
use semantic knowledge in LOD shared by multiple service
domains. CrTF links topics in tweets to DBpedia entities
and creates tensors that represent social networks for corresponding topic domains. It simultaneously factorizes tensors
across domains while integrating semantics from DBpedia into
the factorization. Experiments showed that CrTF outperforms
the current tensor-based methods. We will apply our ideas
to the analysis of social networks for multiple domains and
7 We omit more detailed social opinions described in tweets, since they are
private tweets on politics written by citizen users and should not be published
in the paper.
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semantic entity space other than DBpedia. We also extend
our method to more than 3-D problems like time-evolving
social networks, where we need to handle a tensor composed
by users, retweeted users, topics, and time periods. It will
also be interesting to see this approach being applied on
other systems (e.g., music service incorporating social network
information). Furthermore, it will incorporate the feedback
from users across different applications to enhance the algorithm performance.
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