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a  b  s  t  r  a  c  t

Pushing  accurate  and  prompt  recommendations  to diverse  users  is  an on-going  key  challenge  for
researchers  in  studying  recommender  systems,  which  is also  known  as  temporal  recommendation.
Thereby,  modeling  to capture  every  single  user’s  preference  dynamically  and  accurately  is  the  core.  In this
work, we  propose  a hybrid  model  to exploit  user’s  periodical  feature  for his/her  behaviors  over time  such
as  purchasing  on-line  goods  which  essentially  can  reflect  one’s  preference  on  some  types  of  items.  An
outstanding  merit  of the  proposed  model  is  that, in contrast  to traditional  model-based  methods,  it  is free
of explicit  iterative  optimization  process.  Meanwhile,  we  introduce  an  improved  Markov  state  computing
method  to  perform  temporal  recommendation  on three  real movie  rating  data  sets  which  obtains  a  sys-
tematic  improvement  in  computational  efficiency  compared  with  traditional  model-based  approaches
and  moreover,  it is  better  than neighborhood-based  collaborative  filtering  methods  and  the state-of-
the-art  temporal  recommendation  models  with  respect  to  the  results  of recommendation  accuracy.  In
addition,  further  analyses  verify  that  the proposed  learning  framework  has the  capacity  in capturing
user’s  personalized  preference  from  a perspective  of temporal  dynamics.

© 2018  Elsevier  B.V.  All  rights  reserved.

1. Introduction

With the soaring growth of E-commerce across the world in
recent decades, people desire more reliable, personalized and accu-
rate recommendations to obtain the best user experience while
enjoying on-line surfing and purchase. On the other hand, an
E-commerce system would also be willing to provide recommenda-
tion service to users to increase the sticky level of users, namely the
users’ loyalty to the system. To meet this demand, service providers
wish to find and understand user’s preference and taste by tracing
and analyzing their on-line behaviors left in the system like pur-
chases, comments and ratings. Here, rating commonly is a score or
mark given by a user who probably has bought an item from an on-
line shop or watched a movie provided by an on-line movie rental
company. For a user, a higher rating represents a better satisfac-
tion with or higher preference to a given item. Therefore, accurately
measuring user’s preference dynamically is the core and long-term
goal for the study of recommender systems (RS) which has attracted
much attention by people from disparate communities like data
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scientists, E-commerce runners, and social media operators, etc.
[1].

Despite all the advances made by researchers on the study of
RS, we consider that user’s behavior cycle for temporal recommen-
dation would be an important aspect which is not yet explored.
While investigating the temporal dynamics of user’s behaviors in
real world data sets, we notice that repeated purchases or returned
clients are pervasive. For example, a customer would periodically
purchase books or music CDs during on-line shoppings. It means
that these types of products are going to appear in his/her pur-
chase history repeatedly. Intuitively, this trait could reflect that the
customer has some relative fixed shopping habits or preferences to
the products. Motivated by this idea, we try to model the periodical
dynamics for every single user and make recommendation based
on each user’s personalized preference uncovered by the proposed
learning framework in the following sections.

In detail, we summarize that the innovations and contributions
of this work are mainly threefold: (i) we present a latent cat-
egory based detecting method to find user’s periodical features
of rating behaviors and improve the Markov model to compute
the transition probability between states which can eventually
enhance the recommendation power of item-based collaborative
filtering according to the experimental results performed on three
real world data sets; (ii) in the proposed learning framework, we
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completely abandon the traditional idea of explicit iterative opti-
mization, a strategy which is commonly used by machine learning,
and merely incorporate two simple algorithms into the framework,
namely PCA for dimension reduction on item vectors and K-means
for clustering the latent categories of items, to alleviate the burden
of computational cost. The experimental results validate that the
new learning framework can obtain a systematic improvement in
computational efficiency; (iii) our model is able to naturally tackle
the issue of data sparsity which has attracted much attention in the
study domain of recommender system.

The rest of the article is organized as follows. In Section 2,
we review the neighborhood-based, model-based and temporal-
dynamics-related recommendation approaches proposed in recent
years and point out the bottlenecks affiliating to the traditional
studies in this field. In Section 3, we formalize the problem of tem-
poral recommendation. Then, we present a novel computational
framework without explicit iterative optimization for temporal
recommendation in detail in Section 4. We  also perform exper-
imental setup and some related experiments between the new
model and traditional methods in Section 5. Furthermore, we inves-
tigate and analyze the distinct features of the new model in Section
6 and prove its advantages in computation of temporal recommen-
dation. Finally, we summarize our work in the last section.

2. Critical literature overview

In recent years, recommendation technologies have been stud-
ied extensively by researchers across different disciplines. Among
them, the most successful one is Collaborative Filtering (CF) which
has been deployed in real systems by some on-line retailers [2].
CF commonly has two forms including item-based CF and user-
based CF, which depends on whether item recommendation or user
recommendation is taken into account. After the CF approaches
were proposed in 1990s, a large number of followed approaches
sprung up in the last decade. Numerous papers appeared recently
have given comprehensive surveys on the advancements of rec-
ommendation techniques; for instance, Adomavicius et al. looked
toward the next generation of recommender systems [1] and Zhang
et al. summarized the tag-aware recommender systems [3]. Here,
we mainly review some typical researches from a perspective of
methodology.

2.1. Neighborhood-based methods

Since the beginning of the RS study, similarity index has already
been a persistent hot spot followed closely by researchers and
wildly used in collaborative filtering for similarity computation
between users or items. Similarity computation is also called a
building block of neighborhood-based approaches in RS [1] and
various similarity measures are proposed in the past few years
[4]. In view of the importance of the similarity computation in
neighborhood-based methods, we consider that those similarity
measures commonly used in the literature must be included in
the experimental setup for comparison. The advantages of using
similarity for CF can be summarized in two aspects. Firstly, sim-
ilarity computation only requires local information of the data,
representing a concise computing pattern. Secondly, most simi-
larity formulas are free of parameters such that it is not essential
to perform parameter tuning. We  consider the mentioned mer-
its regarding the similarity measures should be inherited while
designing our new model. On the other hand, we  think that the
similarity measures would not well adapt to temporal recommen-
dation for they do not consider the temporal effect and some new
methodologies must be studied.

2.2. Model-based methods

Except for neighborhood-based approaches which normally
prefer the study of similarity measures [4], most sophisticated
models commonly tend to apply machine learning technologies to
achieve an optimized estimation of recommendation targets.

Some studies are aiming to solve open issues such as the
accuracy of recommendation, data sparsity [5], cold start [6], etc.
existing in the recommender systems. Zhang et al. came up with
two types of multi-criteria models including multi-variant Gaus-
sian and linear Gaussian regression algorithms which have a stable
recommendation accuracy against other tested methods [7]. Hoff-
man, one of the pioneering researchers in latent factor study,
introduced latent class variables in a mixture model setting to dis-
cover user communities to solve the data sparsity which relied on a
statistical modeling technique [8]. Daminelli et al. investigated the
correlations of link formation and local communities in bipartite
networks [9]. Maneeroj and Takasu used a probabilistic model to
extract the latent features and built a hybrid recommender system
which could handle the problem of cold start [10]. Interestingly,
unlike the traditional models which need some specific settings to
handle the limitations mentioned in the RS, our model can naturally
tackle the issue of rating data sparsity.

The others are scenario-aware model which means that extra
information commonly is required while modeling. Jiang et al. ana-
lyzed the data of mum-baby products and found that the user’s
life stages are strongly correlated with the purchasing needs [11].
For example, a woman  will buy vitamin tablets when she is at the
stage of pregnancy, then buy a baby car after her baby is born.
Accordingly, they integrated the life stage information into pro-
posed recommender system with the support of Gaussian mixture
model. The off-line and on-line experiments demonstrate that the
model is effective. Wu et al. proposed an incremental recommen-
dation algorithm based on Probabilistic Latent Semantic Analysis
(PLSA) [12]. An interesting aspect is that the model considered
not only users’ long-term and short-term interests, but also users’
negative and positive feedbacks. Eirinaki et al. presented a hybrid
probabilistic predictive model based on page ranking and Markov
model for web path recommendation [13]. Wang and Blei com-
bined the merits of traditional collaborative filtering and Latent
Dirichlet Allocation (LDA), a powerful probabilistic topic model
[14], to recommend scientific articles. Notably, our model is inde-
pendent to scenarios, which allows it to work in a wide spectrum
of applications.

Although machine learning is widely applied in modeling the
recommendation algorithms mentioned above, it has an obvious
drawback in that it requires a procedure of global iteration and
convergence for the model training. This drawback will result in
an unexpected high computational cost in practical applications.
Thereby, most recently, researchers began to turn their attention to
the study of non-iterative model which would have similar or even
better performance compared with iterative models yet much less
computational time consumption [15]. In this article, we  also try to
resolve this issue in modeling temporal recommendation.

2.3. Recommendation with temporal dynamics

In this study, we mainly work on how to model the user’s behav-
ior with temporal dynamics for recommendation, where the user’s
preference is commonly drifting over time along with the chang-
ing of user’s behaviors in a recommender system. Researchers have
studied on this from various view angles [16]. Zheng et al. found that
incorporating item’s life circle into rating scores by weighting com-
putation will improve the recommendation accuracy [17]. Zhao
et al. considered the time interval between purchased products
and argued that different time intervals will significantly impact
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