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a b s t r a c t
Recommender systems have been widely used to discover users’ preferences and recommend interesting
items to users during this age of information overload. Researchers in the ﬁeld of recommender systems
have realized that the quality of a top-N recommendation list involves not only relevance but also diversity. Most traditional recommendation algorithms are diﬃcult to generate a diverse item list that can
cover most of his/her interests for each user, since they mainly focus on predicting accurate items similar
to the dominant interests of users. Additionally, they seldom exploit semantic information such as item
tags and users’ interest labels to improve recommendation diversity. In this paper, we propose a novel
recommendation framework which mainly adopts an expansion strategy of user interests based on social
tagging information. The framework enhances the diversity of users’ preferences by expanding the sizes
and categories of the original user-item interaction records, and then adopts traditional recommendation
models to generate recommendation lists. Empirical evaluations on three real-world data sets show that
our method can effectively improve the accuracy and diversity of item recommendation.
© 2016 Elsevier B.V. All rights reserved.

1. Introduction
With the fast growth of web resources such as web pages, music, movies, etc. (referred as items), lots of Internet users are confused by how to select their favorite items from huge amount of
items. Since the mid-1990 s, Recommender Systems (RS), as an effective information ﬁltering tool to discover users’ preferences and
recommend interesting items to users, have drawn much attention
from academia and industry [1,2]. In real-world applications, RS
have been used to recommend web pages, books, music, movies,
TV programs, places of interest, conferences, courses, etc. Generally, RS applications can be categorized into eight main domains:
e-government [3], e-business [4], e-commerce/e-shopping [5], elibrary [6], e-learning [7], e-tourism [8], e-resource services [9],
and e-group activities [10], and the application platforms include
Web, TV, radio, and mobile devices [11]. Additionally, as users of
RS applications are individuals or groups, the corresponding RS can
be classiﬁed into individual-based or group-based.
No matter the input data of RS are explicit (e.g., rating and
like/dislike) [12,13] or implicit (e.g., clicking and purchase) [14,15],
most of RS usually provide a top-N item list for each user. A high-
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quality top-N recommendation list should have not only high relevance but also high diversity [16]. In this paper, diversity generally
indicates the pairwise differences of the recommended items in a
top-N list [17], and it has an important impact on users’ experiences. For instance, if a user indicates he watched three movies
directed by the famous director James Cameron and a few other
movies on a movie review website, and then the RS of this site
give this user a top-10 recommendation list in which nearly all of
the movies are directed by this director. It is obvious that the list
is not so appealing due to its monotony.
Traditional RS, including two main categories: latent factor
models [14,18] and neighborhood-based models [12,19], are hard
to generate a diverse item list that can cover most of one user’s
interests, since those algorithms mainly focus on predicting accurate items that are very similar to the dominant interests of users
[20]. They are also diﬃcult to estimate users’ extensive interests
due to the insuﬃciency of original item records’ number and categories. In addition, most of traditional RS mainly focus on accuracy in terms of performance evaluation, and the involved measure metrics include precision and recall in information retrieval,
and MAE and RMSE in rating prediction. To solve these problems,
some studies have attempted to develop several metrics to quantify the diversity of recommendation results [17,20,21] and further
to propose new recommendation models for improving the diversity. Among these studies, some of these models are composed
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of a relevance-oriented part and a diversity-oriented part [21],
while some other models take into account relevance and diversity in a uniﬁed framework [20,22]. The two-part hybrid modes
can incorporate traditional recommendation algorithms and leverage their advantages, while the uniﬁed diversiﬁcation frameworks
are more compact and principled in terms of formulation. However, these models don’t consider expanding users’ interests based
on item usage records to improve recommendation diversity, although the expansion of users’ interests in the process of building
recommendation models may be beneﬁcial to diversity intuitively.
Additionally, the recommendation models in these studies only exploit users’ item records to build users’ interest proﬁles, so they
usually ignore some semantic information such as item tags and
users’ interest labels. However, tags have the potential to help improve the accuracy and diversity of recommendations, since tags
can represent user interests and item features effectively. Some researchers have exploited semantic tag information and the associations among users, tags, and items of the existing Social Tagging
Systems (STSs) such as Delicious1 , BibSonomy2 , and Flickr3 , to improve recommendation accuracy. In general, the low diversity of
recommendation results is still one of the major research problems
in current RS studies.
To tackle this problem, we propose a novel user-interestexpansion-based recommendation framework by exploiting social
tagging information, which can be adopted to enhance the diversity of recommendation lists. The proposed interest expansion
strategy includes three key steps. Firstly, we represent users’ features with users’ tag records and compute the similarity between
tags by item-tag interaction information. Then we expand users’
initial tag records based on tag similarity. Secondly, we select new
items with proper popularity from the items relating to each user’s
expanded tag sets, and add those selected items into users’ initial
item sets. Finally, we treat the expanded users’ item sets as the input of traditional item recommendation algorithms, and then we
obtain personalized and diverse recommendation lists.
The main contributions of this paper can be summarized as
follows:
1. The ﬁrst innovation of this study is the proposed recommendation diversiﬁcation framework which mainly utilizes user interest expansion based on social tagging information. To the best
of our knowledge, few studies consider enhancing recommendation diversity by exploring social tagging information in the
literature concerning RS and STS. The idea of expanding user
interests for the improvement of recommendation diversity is
also innovative. One advantage of this innovative framework is
that it can leverage different kinds of advanced traditional RS
within our framework to ensure high recommendation accuracy. Another advantage is that adopting social tagging information for user interest expansion can facilitate the joint improvement of recommendation accuracy and diversity.
2. The second innovation is that we develop a novel diversity metric named tag coverage (i.e., TagCov in the following tables and
ﬁgures) in the experimental evaluation. The metric can evaluate the diversity of users’ interests eﬃciently, which increase
the diversity measure metrics regarding RS evaluation.
3. Experimental results on three real-world data sets demonstrate
that our approach can outperform existing ones. Especially, our
approach can improve the diversity and accuracy of item recommendations more eﬃciently than existing ones.
The rest of this paper is organized as follows. We present
related work in Section 2 and introduce the proposed research
1
2
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method in Section 3. Then the experimental evaluation is presented in Section 4. In Section 5, we conclude this paper and
present future work.
2. Related work
In general, the related work can be grouped into two parts: recommendation diversity and tag-based item recommendation. The
former is related to how to measure and improve the diversity of
a recommendation list for each user, and the latter is about how to
enhance the accuracy of item recommendations by leveraging tag
information.
2.1. Recommendation diversity
Accuracy is not the only measure dimension of recommendation results. The importance of diversity in terms of RS performance evaluation had drawn much attention in the early studies
[16,23,24]. For example, McNee et al., [16] argued that accuracy
is not always useful and proposed some new user-centric directions for recommendation evaluation. According to [25], the diversity measurement of recommendations can be classiﬁed into two
types: individual diversity and aggregate diversity. Individual diversity emphasizes the recommendation diversity from an individual user’s perspective, which can usually be calculated by an average dissimilarity of all pairs of items recommended to a given
user [17,20,21,23]. However, aggregate diversity emphasizes the diversity of recommendations across all users, which can be measured by some metrics (e.g., coverage and diversity-in-top-N) [25].
In this paper, we only focus on the individual diversity of recommendations. For convenience, we will refer to individual diversity as diversity throughout the paper, unless explicitly speciﬁed
otherwise.
Different diversity metrics were proposed in previous studies.
Vargas et al., [17] summarized the state-of-the-art diversity metrics and presented a formalized framework which can generalize
these metrics. The common computational method of diversity is
provided in the above deﬁnition of individual diversity, and the
computation of dissimilarity is often based on the semantic information of items or user-item interaction records. In addition, some
strategies were proposed to improve the recommendation diversity. For instance, Ziegler et al., [21] proposed a novel model that
re-ranks the recommendation list generated by traditional Collaborative Filtering (CF) according to the topic diversity metric, and
the online experiments demonstrated that the recommendation
accuracy decreased but users’ satisfaction increased. Zhang et al.,
[20] presented a binary optimization method which incorporates
the diversity of recommendation lists and the similarity between
recommendation results and users’ preferences. The experimental results show that this model outperformed the baselines in
terms of diversity and accuracy. Zhou et al., [26] proposed a hybrid method to balance the accuracy and diversity of recommendations, which combines a diffusion-based recommendation algorithm and a “heat-spreading” algorithm addressing diversity problem. Furthermore, Shi et al., [27] argued that different users should
have adaptive levels of diversity because of users’ different interest
extents and users’ difference in terms of the estimated preference
uncertainty, and then they proposed a new latent factor portfolio model which combines latent factor model and mean-variance
analysis in portfolio theory.
In recent years, some novel approaches regarding recommendation diversity were proposed. Noia et al., [28] modeled users’
propensity toward selecting diverse items, and then presented a diversiﬁcation method to re-rank the list of top-N items predicted by
a recommendation algorithm. Qin et al., [29] proposed a novel approach called contextual combinatorial bandit, where diverse items
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that may interest a new user can be dynamically identiﬁed by a
learning algorithm. However, no speciﬁc diversity measure metric
was used in the evaluation. Jiang et al., [30] treated recommendation as a multilevel nested logit model from the discrete choice
perspective, which can balance relevance and diversity. They then
formulated the problem as a nonlinear binary integer programming problem and developed an eﬃcient dynamic programming
algorithm. Ashkan et al., [31] presented a novel recommendation
diversiﬁcation method which maximizes the utility of the items
subject to the increase in their diversity, and then developed a
greedy method to solve the optimization problem.
Some previous studies re-rank a recommendation list to diversify recommendation results after the traditional recommendation algorithms [21,28]. Our recommendation diversiﬁcation strategy based on user interest expansion is similar to the re-ranking
strategy, since both of them need to combine with the traditional
RS algorithms. However, our user interest expansion is performed
before the traditional RS algorithms, but the re-ranking strategy is
performed after the traditional RS algorithms. In our strategy, we
also take into account the balance between diversity and accuracy.
Additionally, some studies deal with the relation between diversity
and accuracy in a uniﬁed model [20,29–31]. Compared with the
uniﬁed model, one advantage of our strategy is that it can combine
with different traditional RS without modifying them and leverage
their advantages.
2.2. Tag-based item recommendation
Based on the mentioned association between STS and RS, a
number of studies on tag-based item recommendation have been
proposed. These studies can be mainly grouped into two categories: heuristic-based and model-based. The ﬁrst category involves the computation of user similarities or item similarities
with tag information, and the similarities can be easily incorporated into traditional user-based or item-based CF algorithms
[32–35]. For example, Tso-Sutter et al., [32] extended user proﬁle
represented by item vector and item proﬁle represented by user
vector with tag information, and then fused the results of userbased and item-based CF algorithms by linear interpolation. Similarly, Zeng and Li [33] proposed two variants of neighborhoodbased CF algorithms by using TF-IDF weighted tag vectors to compute user similarity and item similarity.
Except heuristic-based methods, researchers proposed some
model-based methods that utilize tag information to enhance
the accuracy of item recommendation. For example, Zhen et al.,
[36] proposed a matrix factorization model for item recommendation, and the model is regularized by user similarity in tag space.
Wetzker et al., [37] presented a recommendation model based on
probabilistic latent semantic analysis, which can capture item-user
and item-tag co-occurrence information. Both of them are latent
factor models that represent users and items with vectors in latent factor space, but the associations among users, items, and
tags are not fully exploited in these models. Peng et al., [38] presented a joint item-tag recommendation framework which can indicate users’ favorite topics and make use of all interaction information among users, items, and tags. Zhang et al., [39] proposed
a recommendation approach based on the information diffusion
on the user-item-tag tripartite graph, which is different from the
above latent factor models. Nevertheless, the sparsity problem in
a STS is not well addressed, so Zhang et al., [40] proposed a random walk model which can effectively leverage the associations
between users and items to alleviate data sparsity and to enhance
recommendation accuracy.
In recent years, Kim et al., [41] presented a hybrid item recommendation framework consisting of tag recommendation and
item recommendation. Tag recommendation helps users annotate
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Table 1
Notations.

Notation

Description

Ui
Ij
Tk
UIij

The ith user in user set U
The jth item in item set I
The kth tag in tag set T
The element in user-item matrix UI; if user i saves item j,
it equals 1, and 0 otherwise
The element in user-tag matrix UT; it equals the frequency
which tag k has been used by user i
The element in item-tag matrix IT; it equals the frequency
which tag k has been assigned to item j
The stochastic matrix generated by normalizing each row
of matrix M to be of unit length
The ith row vector of matrix M
The jth column vector of matrix M
The number of recommendations for each user

UTik
ITjk
Mnorm
Mi ·
M· j
N

tags and enriches the data set of a STS, and item recommendation utilizes tags to recommend relevant items. Movahedian et al.,
proposed [42] a recommendation algorithm based on the similarities between user and item proﬁles. The user and item proﬁles are
generated by using association rule mining to discover frequent tag
patterns. Pitsilis et al., [43] presented an item recommendation algorithm which is based on tag clustering and the proposed notion
of Annotation Competency. Zuo et al., [44] proposed an item recommendation algorithm in which users ׳proﬁles are initially represented by tags and then a deep neural network model is used
to extract the in-depth features from tag space. After users’ proﬁles are updated by the extracted features, user-based CF is used
to predict the items that users may like.
All of the above studies mainly focused on how to use tag information for the improvement of recommendation accuracy, but recommendation diversity was not considered in the model designs
and experimental evaluations. This paper aims to explore tag information for user interest representation and expansion, and we
further propose a more eﬃcient approach for enhancing recommendation accuracy and diversity simultaneously.
3. Method
3.1. Problem statement
Users’ tagging behavior data in a STS are treated as the input of the proposed item recommendation method. This input includes users {Ui ∈ U, i = 1, 2, . . . , m}, items {I j ∈ I, j = 1, 2, . . . , n},
tags {Tk ∈ T , k = 1, 2, . . . , l }, user-item interaction matrix UI, usertag interaction matrix UT, and item-tag interaction matrix IT. In detail, the value of element UIij in UI equals 1 if user Ui has used item
Ij , otherwise 0. Element UTik in UT indicates how many times user
Ui has used tag Tk , and element ITjk in IT indicates how many times
item Ij has been labelled tag Tk . For convenience, we summarize
the frequently used notations in Table 1. In this paper, the research
question is how to generate a diverse and personalized recommendation list for each user using social tagging data and to make
these lists outperform the lists produced by traditional RS algorithms without tag information in terms of accuracy and diversity.
3.2. Traditional CF algorithms
In this section, we introduce several traditional CF algorithms as
the background, since these algorithms are adopted as an important step to generate ﬁnal personalized recommendations in our
framework. The input data in this paper are not explicit rating
data, and they have no negative instances, so the corresponding
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solutions are those algorithms called CF with implicit data or oneclass CF. As to such CF algorithms, we select the following four representative algorithms: (1) item-based CF [19]; (2) user-based CF
[12]; (3) SVD-based (i.e., Singularity Value Decomposition based)
RS algorithm [45]; and (4) latent factor model [14]. Since itembased and user-based CF algorithms are simple and often introduced in RS literatures, we omit the introduction of them. However, we apply cosine similarity instead of Pearson correlation coeﬃcient when computing item and user similarity, which is different from the original item-based and user-based CF methods. The
reason is that Pearson correlation coeﬃcient is not suitable for the
similarity computation between two vectors whose elements are
binary. According to the empirical study [45], SVD-based RS algorithm is competitive for top-N recommendation task in terms of
recommendation accuracy, so we select it as a representative of
matrix factorization models. Latent factor model is a typical and
effective item recommendation algorithm, often used as a benchmark in the performance comparison of one-class CF algorithms.
In the following subsections, we will elaborate the SVD-based RS
algorithm and latent factor model.
3.2.1. SVD-based RS algorithm
For convenience, we adopt the original notations in the previous work [45] and refer to this algorithm as pureSVD. We treat UI
or the expanded user-item interaction matrix as R, and then we
estimate the approximation of R by SVD. The details of pureSVD
are as follows:

R = U ·  · QT
where U is a n × f orthogonal matrix; Q is a m × f orthogonal
matrix; and  is a f × f diagonal matrix having f singular values.
The similarities between all items and item i can be obtained by
qTi , and then we can calculate the preference of user u to item i by
the following equation:

rˆui = ru · Q · qTi ,
where ru is the row vector of user u in R, and qi is the column
vector of item i in Q.
3.2.2. Latent factor model
In this model, users and items are represented as points in latent factor space, and the inner product of a user point and an

item point represents this user’s preference to this item. Based on
the user-item interaction data, we can estimate all user vectors and
item vectors and predict users’ preferences. Note that the following notations are borrowed from the previous work [14]. We refer
to this algorithm as wMF for convenience.
In detail, rui indicates the usage extent of user u to item i (e.g.,
clicks and browsing time), and pui denotes the preference of user
u to item i. pui equals 1 if user u used item i, 0 otherwise. Besides,
cui denotes the conﬁdence level for pui , and the relevant formula
is:

cui = 1 + α rui ,
where α is a constant that can be obtained by cross validation. xu
∈ Rf , and xu denotes user u. yi ∈ Rf , and yi denotes item i. Then we
use xu T yi to compute the preference of user u to item i. As to the
estimation of xu and yi , we need to adopt the following optimization objective:

min

x∗ ,

y∗





T

cui pui − xu yi

2



+λ

u, i


u

2

xu +





yi

2

,

i



where λ( u xu 2 + i yi 2 ) is used to regularize the model so that
the overﬁtting can be avoided. The parameter λ depends on the
data set and can be determined by cross validation.
3.3. The proposed method
The main idea of the above-mentioned CF models is that we
can estimate how much users are interested in items by modeling user-item interaction behavior with user-item interaction data
as input. The data are users’ item usage records and represent the
users’ preferences. When users begin to use RS at the early stage,
most users’ item records are not suﬃcient and contain many popular and similar items. Then traditional CF algorithms build users’
preference models based on these item records of low diversity.
Besides, many item recommendation models are based on user or
item similarity. Therefore, the item recommendations of the above
CF methods are not diverse enough to satisfy users. In this paper,
we propose a novel item recommendation framework to make recommendation results accurate and diverse. Similar with Ziegler’s
work [21], the proposed framework contains two parts: (1) the
strategy of improving recommendation diversity and (2) ordinary
RS. The main idea of the framework in [21] was to re-rank the
recommendation lists generated from ordinary accuracy-oriented

Fig. 1. Illustration of the proposed recommendation diversiﬁcation framework.
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RS algorithms according to topic diversity. Our framework, however, enhances the diversity of users’ preferences by expanding the
sizes and categories of the original user-item interaction records,
and then adopts ordinary CF models to generate personalized recommendations. In detail, our framework has three key parts: (1)
to expand the extent of users’ interests represented by their used
tags, (2) to add new items related to users’ expanded tag sets into
users’ original item records, and (3) to adopt ordinary RS algorithms with the expanded user-item interaction records as input.
Fig. 1 illustrates the proposed framework brieﬂy.
3.3.1. Expanding user interests
We represent users’ initial interests with the tags related to
users’ item records, as semantic tags are a good way to connect
users and items in a STS. We can predict new tags that may interest each user, based on the user-tag interaction matrix UT and the
item-tag interaction matrix IT. Then we add these new tags into
the initial UT so that the item interests of each user are expanded.
According to the above view, we can use ordinary RS algorithms
to solve the tag prediction problem with UT and IT as input. In this
paper, we adopt item-based CF due to its effectiveness and simplicity, which is beneﬁcial to keeping the whole recommendation
model effective and uncomplicated. Nevertheless, many RS algorithms are also the possible solutions for this problem. The basic
idea of item-based CF in this section has two main parts: (1) to
select some tags most similar to the target tag from the initial tag
records of the target user and (2) to compute the target user’s preference to the target tag using the weighted average of the users’
preferences to these selected tags. If we use original item-based CF,
it is suﬃcient to treat UT as input. However, IT is generally denser
than UT in a STS. Hence, IT is better than UT in the computation of
tag similarity, so we use IT to compute tag similarity in our itembased CF. At last, we can predict the new user-tag interaction ma . Detailed formulas are as follows:
trix UT

sim(Ta , Tb ) = cos (IT·a , IT·b )
and

rˆik =



x∈U T  (i )



sim(Tk , Tx ) · U Tix

x∈U T  (i )

sim(Tk , Tx )

,

where sim(Ta , Tb ) represents the similarity between tag Ta and tag
Tb ; IT· a and IT· b represents the vectors of tag Ta and tag Tb respectively; rˆik is the estimated preference of user Ui to tag Tk ; UT (i)
represents the tag set consisting of the tags most similar to tag Tk
and selected from the tag records of user Ui .
3.3.2. Expanding users’ initial item records
After users’ interests are expanded, we need to add some new
items concerning users’ expanded interests into users’ original item
records. The added items have new categories different from the
categories that the original user-item interaction records have, so
it can make users’ item preferences more diverse. In order to decrease the risk of selecting items irrelevant to users’ preferences,
we consider how much users like these tags and how popular the
items associated with the tags are, when we select some items
linked to users’ expanded tag sets. In detail, as to the tag to which
a user’s preference is high, we select the less popular items concerning this tag, since popular items cover a small amount of categories so that they may not make recommendations diverse. Users’
high preferences to the tags can make sure that the items associated with these tags are relevant to users’ preferences. On the contrary, as to the tag to which a user’s preference is low, we select
the more popular items relating to this tag to increase the probability of selecting relevant items. In general, our recommendation
diversiﬁcation strategy by user interest expansion has the potential of increasing the diversity and relevance of recommendation
results simultaneously.
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Table 2
The procedure of expanding users’ item sets.
Algorithm 1. The procedure of expanding users’ item sets
 (i.e., the expanded user-tag matrix), UI(i) (i.e., the initial item
Input: UI, IT, UT
set of Ui ), UT(i) (i.e., the initial tag set of Ui ), r1 (i.e., the ratio of added tags), and
r2 (i.e., the ratio of added items)
Output: UI (i.e., the expanded user-item interaction matrix)
1: compute the popularity of Ij from UI, pop(j) (i.e., the user number of Ij )
2: build tag-item matrix TI, where T Ik j = pop( j ); then obtain T I by normalizing
TI (i.e., T I = T Inorm )
 in the descending order, and only reserve the top
3: sort each row of UT
 , and then normalize it (i.e., UT
 = UT
 norm )
elements of UT
4: for i = 1, 2, … , m
 (i ) is the expanded and normalized tag set of Ui
 (i ) //UT
5:
for k in UT
6:
count = 0;
7:
for j = 1, 2, … , n
 ) && Ij ∈UI(i)
8:
if T Ik j ≤ (1 − UT
ik
9:
add Ij into UI (i );
10:
count += 1;
11:
if count == r2 |UI (i ) |/(1 + r1 )|UT (i ) |
12:
break;
13:
end for
14:
end for
15: end for

The procedure of expanding users’ item records, summarized in
Table 2, includes the following steps. First, we compute tag-item
matrix TI with UI and IT. The value of each element of TI indicates the corresponding item’s popularity which is the item’s user
number. Then we normalize TI by making the sum of each row of
TI equal one, and obtain the normalized TI (i.e., T I). Secondly, we
 for each user in the deselect a ﬁxed proportion of tags from UT
scending order of users’ tag preferences. The number of the chosen
tags is (1 + r1 )|UT (i ) |, where r1 , 0 ≤ r1 , indicates the expansion
rate of users’ tags, and |UT(i) | is the size of the initial tag set of
user Ui . Then we normalize the preferences of user Ui to the se where each of its rows
lected tags and obtain the normalized UT
sums up to 1. Thirdly, as to the size of the initial item set of Ui
(i.e., |UI(i) |), we need to choose a proportion of new items where
the ratio is r2 , 0 ≤ r2 .Then we choose items according to the ex (i ) for user U , but the number of the items conpanded tag set UT
i
 (i ) is limited to r |UI (i ) |/( (1 + r )|UT (i )| ).
cerning each tag in UT
2
1
Finally, we add item Ij into the item set of this user, if the following

Table 3
The descriptions of the data sets.
Data set

BibSonomy

CiteULike

Delicious

Number of users: m
Number of items: n
Number of selected/total tags: l
Number of total transactions: p
Data density: p/(mn) (%)
Average number of items per user
Average number of users per item

125
388
78/2311
4383
9.04
35.06
11.30

338
392
52/2822
6031
4.55
17.84
15.39

1097
1872
526/9608
44599
2.17
40.66
23.82

Table 4
The formulas of the evaluation metrics.
Metric

Formula

Precision

Nhit / N

Recall

Nhit / Ntest

F-measure
Diversity

2 · (precision · recall )/(precision + recall )

2/ ( N ( N − 1 ) )
(1 − cos(U I·i , U I· j ))

Tag diversity

2/ ( N ( N − 1 ) )

i, j∈L (u ), i= j

Tag coverage

|

UiN=1 T
l

(i )|



i, j∈L (u ), i= j

(1 − cos(ITi· , ITj· ))
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Table 7
Top-10 recommendations on the Delicious data set.

Table 5
Top-10 recommendations on the BibSonomy data set.
Algorithm

Precision
(%)

Recall
(%)

F-measure Diversity TagDiv
(%)
(%)
(%)

TagCov
(%)

Algorithm

Precision
(%)

Recall
(%)

F-measure Diversity TagDiv
(%)
(%)
(%)

TagCov
(%)

IB
UIExpIB
UB
UIExpUB
pureSVD
UIExpPureSVD
wMF
UIExpWMF

10.30
11.82
12.59
13.07
10.15
11.82
11.36
12.69

4.23
4.78
4.97
5.11
4.25
4.72
4.68
5.04

6.00
6.81
7.13
7.34
5.99
6.74
6.63
7.21

30.50
47.21
52.13
71.88
40.20
53.49
45.40
59.65

IB
UIExpIB
UB
UIExpUB
pureSVD
UIExpPureSVD
wMF
UIExpWMF

2.69
4.53
4.15
4.72
3.58
4.43
4.54
4.99

0.84
1.42
1.24
1.48
1.10
1.41
1.39
1.56

1.28
2.17
1.91
2.26
1.68
2.14
2.13
2.38

12.39
22.65
20.37
23.09
21.22
23.76
22.96
24.21

88.93
94.40
88.36
91.84
91.94
92.72
89.28
92.42

93.33
86.40
85.88
77.15
87.68
86.72
88.77
81.77

Table 6
Top-10 recommendations on the CiteULike data set.
Algorithm

Precision
(%)

Recall
(%)

F-measure Diversity TagDiv
(%)
(%)
(%)

TagCov
(%)

IB
UIExpIB
UB
UIExpUB
pureSVD
UIExpPureSVD
wMF
UIExpWMF

7.09
8.26
9.29
9.75
7.03
7.61
7.65
8.45

6.07
7.15
7.40
7.82
5.45
5.87
6.10
6.91

6.54
7.66
8.23
8.68
6.13
6.62
6.78
7.59

29.10
28.53
40.62
47.10
40.32
42.61
40.57
41.06

91.29
94.14
91.03
92.88
87.75
91.35
91.55
94.04

92.91
85.64
89.05
83.52
90.40
87.19
90.62
81.63

conditions are met. (1) The number of the items concerning a tag
does not reach the upper limit; (2) the popularity of Ij and the
 ); and
preference of Ui to Tk meet the condition (i.e., T Ik j ≤ 1 − UT
ik
(3) Ij is not in the initial item set of Ui .
3.4. Analysis of time complexity
As to the part of expanding users’ interests, the time complexity of computing tag similarity with IT is O(n2 l). However, in realworld applications this part can be carried out oﬄine and implemented by adopting existing distributed and parallel computing

frameworks such as Hadoop. The time complexity of computing UT
by item-based CF is O(mlt + ml l ogl ), where t is the average number of the tags of every user. As to the part of expanding the initial
item records of users, the time complexities of computing the pop-

96.66
97.93
96.72
97.62
91.72
97.96
95.46
97.71

93.95
81.95
89.13
76.44
87.91
82.28
86.27
79.97

 , and computing UI are O(mn),
ularity of every item, computing UT
O(nllogn), and O(mnuv) respectively, where u is the average number of the items of every user and v is the average number of the
expanded tags of every user. On the whole, the time complexity of
the proposed recommendation approach is not high, so it is suitable for large-scale data.
4. Experimental evaluation
In this section, we evaluated the proposed recommendation
framework with three data sets from real-world STSs. Several experiments were conducted to answer the questions: (1) can the
strategy of expanding users’ interests enhance the diversity of recommendation lists, compared with other baselines? (2) how do the
relevant parameters impact the recommendation performance?
4.1. Experimental setup
Three different data sets from the real-world STSs are used
to evaluate the proposed approach. Table 3 summarizes the key
statistics of these data sets. The details of these data sets can be
accessed in our previous work [40]. For the data sets, we randomly
select 80% of the saved items of each user to form the training data
set, and withhold the remainder as the test data set. To make the
results not sensitive to the partition of each data set, 10 runs are
performed for each experiment, and a different random data split
is used each time. The results presented in the remainder are the
average of 10 runs.

Fig. 2. Diversiﬁcation method comparison regarding accuracy on the BibSonomy data set.
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Fig. 3. Diversiﬁcation method comparison regarding diversity on the BibSonomy data set.

Fig. 4. Diversiﬁcation method comparison regarding accuracy on the CiteULike data set.

In order to evaluate the proposed strategy, we use four representative CF algorithms as benchmarks. As introduced in the above
section, IB and UB indicate item-based and user-based CF algorithms respectively; pureSVD denotes the SVD-based recommendation algorithms; wMF indicates the latent factor model. Our implementation of wMF is based on the codes in MyMediaLite that is an
open source library of recommender system algorithms [46]. In the
following tables, the algorithms whose names begin with “UIExp”
are the proposed algorithms which combine the user interest expansion strategy and traditional CF algorithms.
For all algorithms in this paper, when we tune a parameter, we
keep other parameters ﬁxed. We choose precision as the performance indicator when tuning parameters, since precision is more

important than the other metrics in RS evaluation. The ﬁnally chosen parameters just make the corresponding precision reach the
local optimum. The following reported results are not optimal, because it is impossible to traverse the whole parameter space for
the best parameter setting.
4.2. Evaluation metrics
The evaluation metrics in this paper include precision, recall, F-measure, Intra-List Distance (ILD) [17,20], and tag coverage.
The former three metrics are often used to evaluate recommendation accuracy [24]. For each user, precision equals the number of correct item recommendations divided by the number of
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Fig. 5. Diversiﬁcation method comparison regarding diversity on the CiteULike data set.

Fig. 6. Diversiﬁcation method comparison regarding accuracy on the Delicious data set.

recommendations N, where correct recommendations indicate
those items in the target user’s test set. Recall equals the number of correct item recommendations divided by the number of
test items. F-measure is the harmonic mean of precision and recall. ILD is widely used to measure recommendation diversity, and
it indicates the average of all the distances between any two items
in a list. If we use user information to represent item vector, ILD
can be represented by user-based ILD (i.e., Diversity in the following tables and ﬁgures); if we use tag information to represent item
vector, ILD can also be represented by tag-based ILD (i.e., TagDiv
in the following tables and ﬁgures). Similar with topic coverage in
[47,48], a novel diversity metric named tag coverage (i.e., TagCov in
the following tables and ﬁgures) was proposed in this study, and it

is the number of the tags concerning the items in a list divided by
the number of all tags.
Table 4 summarizes the formal deﬁnitions of the above metrics. Nhit indicates the number of correct recommendations; Ntest
denotes the number of items in the target user’s test set. Besides,
L(u) indicates the recommendation list of user u; T(i) denotes the
tag set of item i. Note that these metrics are applicable for each
user, and the ﬁnal value in each trial is the average over all users.
4.3. Experimental results
4.3.1. Analysis of the experimental results
We compare our algorithms beginning with “UIExp” with the
baselines including IB, UB, pureSVD, and wMF. Tables 5, 6, and
7 summarize the top-10 recommendation results on the data sets.
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UIExpWMF on the CiteULike data set. Especially, our algorithms
improve by more than 30% compared with their counterparts
on the BibSonomy data set. Nevertheless, our algorithms don’t
outperform their counterparts in terms of TagDiv, since the
improvement of precision leads to more accurately predicted
items in the recommendation lists and those initially chosen
items are similar in terms of tag information.

Fig. 7. Diversiﬁcation method comparison regarding diversity on the Delicious data
set.

Note that the unit of the values in the three tables is a percent
symbol. For each metric, the bigger the value is, the better the algorithm is. As to each baseline and its counterpart, t-test is performed to detect their difference signiﬁcance. If a value is bold in
the tables, it means the value is bigger than its counterpart at the
5% signiﬁcance level according to t-test. We can have the following
observations.
1. The recommendation relevance measured by precision, recall,
and F-measure is signiﬁcantly improved when using tag information to expand users’ interests. For example, in terms of precision, the algorithms beginning with “UIExp” improve by more
than 9% over their counterpart algorithms on the BibSonomy
data set, except that UIExpUB improves by more than 3% over
UB.
2. As to recommendation diversity, the proposed algorithms still
outperform their corresponding traditional RS algorithms in
terms of Diversity and TagCov. For instance, in terms of TagCov, our algorithms improve by more than 5% over their counterpart algorithms on the three data sets except UIExpIB and

In order to understand the diversiﬁcation performance of
our algorithms, we also compare the proposed algorithms with
two kinds of widely used diversiﬁcation methods (i.e., IBTopDiv
[21] and IBBinOpt [20]). IBTopDiv re-ranks the recommendation list
generated by traditional CF algorithms according to the topic diversity metric. IBBinOpt is a binary optimization method which incorporates the diversity of recommendation lists and the similarity
between recommendation results and users’ preferences. Figs. 2-7
present the top-10 recommendation results of IB, UIExpIB, IBTopDiv, and IBBinOpt. We can have the following observations from
these ﬁgures. For these ﬁgures, t-test is also used to test the difference signiﬁcance at the 5% signiﬁcance level.
1. From Figs. 2, 4, and 6, we can observe that our algorithm IBExpIB outperforms the other algorithms on all the data sets in
terms of the accuracy metrics. The reason is that the proposed
approach densiﬁes the user-item interaction matrix (the input
of the traditional CF algorithms) by expanding users’ interests.
2. From Figs. 3, 5, and 7, we can observe that our algorithm outperforms the other algorithms on all the data sets in terms of
Diversity. We can also observe that IBExpIB is better than the
other algorithms on the BibSonomy and Delicious data sets in
terms of TagCov. However, IBExpIB is worse than the other algorithms on all the data sets with respect to TagDiv. We think
the reason is the same as the above explanation mentioned in
the analysis of Tables 5, 6, and 7.
In addition, we conduct the following experiments in order to
understand whether the size of recommendation lists can inﬂuence
the diversiﬁcation method comparison. The results are summarized
in Figs. 8, 9, and 10. We can observe that the proposed UIExpIB
outperforms the other algorithms on all the data sets regarding
precision and UIExpIB is better than the other algorithms on the

Fig. 8. Diversiﬁcation method comparison regarding different recommendation sizes on the BibSonomy data set.
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Fig. 9. Diversiﬁcation method comparison regarding different recommendation sizes on the CiteULike data set.

Fig. 10. Diversiﬁcation method comparison regarding different recommendation sizes on the Delicious data set.

BibSonomy and Delicious sets regarding tag coverage from top-5
to top-30 recommendations.
4.3.2. Impact of parameters
In this subsection, we study two important parameters’ impact
on the recommendation performance. The ﬁrst parameter is about
the expansion of users’ interests, and it equals the number of each
user’s added tags divided by the number of each user’s original
tags. The second parameter is about the expansion of users’ item
sets, and it equals the number of each user’s added items divided
by the number of each user’s original items. We evaluate how the
two parameters impact the top-10 recommendation performance
on the Delicious data set (the largest in this study). Only F-measure
is used as the accuracy metric in this part, since the performances

regarding recall and precision are very similar to the performance
regarding F-measure for the proposed method.
From Figs. 11 and 12, we can observe that the performances
of different metrics vary differently with the increase of the ratio
of added tags to original tags. This ratio has a signiﬁcant impact
on F-measure, TagDiv, and TagCov, respectively. However, the ratio doesn’t affect Diversity signiﬁcantly, since the metric Diversity
uses user information rather than tag information to compute ILD.
As mentioned in Section 4.1, we keep other parameters ﬁxed when
tuning the ratio of added tags to original tags. Although relevance
and diversity are key aspects of recommendation quality, relevance
is more important than diversity. Therefore, we select precision as
the indicator when we tune the ratio of added tags to original tags.
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Fig. 11. Impact of the ratio of added tags to original tags on F-measure and Diversity.

Fig. 12. Impact of the ratio of added tags to original tags on TagDiv and TagCov.

That is, the relative local optimum value for this ratio in our experiments is the value corresponding to the relative local optimum
precision. Note that the relative local optimum value for the ratio
of added items to original items is selected in a similar way.
From Figs. 13 and 14, we can also observe that the performances of different metrics vary differently with the increase of
the ratio of added items to original items. This ratio has a significant impact on F-measure, Diversity, TagDiv, and TagCov respectively. It is obvious that TagDiv declines with the increase of the
ratio of added items to original items, since the improvement of
precision with the increase of this ratio results in more accurately
predicted items in the recommendation lists and those predicted
items are similar to each other in terms of tag information.

5. Conclusion
We study the problem of diversifying the recommendation results in RS in this paper. Our main contributions have three aspects. First, we have proposed a novel recommendation diversiﬁcation framework by expanding user interests based on social tagging
information. Speciﬁcally, we ﬁrst expand user interests that are
represented by users’ used tags, and then we extend users’ original item records by adding new items related to users’ expanded
interests. Finally, we utilize traditional RS algorithms to generate ﬁnal recommendation lists with the expanded user-item interaction
records as input. Second, we have also proposed a novel diversity
metric named tag coverage in the experimental evaluation. Third,
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Fig. 13. Impact of the ratio of added items to original items on F-measure and Diversity.

Fig. 14. Impact of the ratio of added items to original items on TagDiv and TagCov.

we have evaluated our approach on three real-world data sets. The
experimental results show that our approach can signiﬁcantly improve the accuracy and diversity of item recommendation.
In the future, we are interested in improving the proposed recommendation diversiﬁcation framework by exploring other RS algorithms, item popularity, social network, etc. For instance, only
the simple item-based CF is adopted when expanding the user-tag
interaction matrix UT, so we would like to examine how the performances of other RS algorithms are in our framework. Besides,
we can use other methods to deal with item popularity when expanding users’ item records. We can also exploit social network to
diversify recommendation results, as a user’s different friends have
various interests.
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