@° PLOS | ONE

Check for
updates

G OPENACCESS

Citation: Wang G, He X, Ishuga CI (2017) Social
and content aware One-Class recommendation of
papers in scientific social networks. PLoS ONE 12
(8): €0181380. https://doi.org/10.1371/journal.
pone.0181380

Editor: Feng Xia, Dalian University of Technology,
CHINA

Received: May 15, 2017
Accepted: June 29, 2017
Published: August 3, 2017

Copyright: © 2017 Wang et al. This is an open
access article distributed under the terms of the
Creative Commons Attribution License, which
permits unrestricted use, distribution, and
reproduction in any medium, provided the original
author and source are credited.

Data Availability Statement: All relevant data are
within the paper and its Supporting Information
files.

Funding: The authors received no specific funding
for this work.

Competing interests: The authors have declared
that no competing interests exist.

RESEARCH ARTICLE

Social and content aware One-Class
recommendation of papers in scientific social
networks

Gang Wang', XiRan He', Carolyne Isigi Ishuga®*

1 School of Management, Hefei University of Technology, Hefei, Anhui, People’s Republic of China,
2 Department of Management Science, Kenyatta University, Nairobi, Kenya

* carolyneisigi @ gmail.com

Abstract

With the rapid development of information technology, scientific social networks (SSNs)
have become the fastest and most convenient way for researchers to communicate with
each other. Many published papers are shared via SSNs every day, resulting in the problem
of information overload. How to appropriately recommend personalized and highly valuable
papers for researchers is becoming more urgent. However, when recommending papers in
SSNs, only a small amount of positive instances are available, leaving a vast amount of
unlabelled data, in which negative instances and potential unseen positive instances are
mixed together, which naturally belongs to One-Class Collaborative Filtering (OCCF) prob-
lem. Therefore, considering the extreme data imbalance and data sparsity of this OCCF
problem, a hybrid approach of Social and Content aware One-class Recommendation of
Papers in SSNs, termed SCORP, is proposed in this study. Unlike previous approaches rec-
ommended to address the OCCF problem, social information, which has been proved play-
ing a significant role in performing recommendations in many domains, is applied in both the
profiling of content-based filtering and the collaborative filtering to achieve superior recom-
mendations. To verify the effectiveness of the proposed SCORP approach, a real-life data-
set from CiteULike was employed. The experimental results demonstrate that the proposed
approach is superior to all of the compared approaches, thus providing a more effective
method for recommending papers in SSNs.

Introduction

The rapid development of information technologies, especially Web 2.0 technology, has
changed Internet users from being passive and consumption-driven to being active and pro-
duction-driven [1]. A variety of platforms that have resulted from Web 2.0 have lifted the bar-
rier of adding information to the Internet and enabled collaborative content creation and
modification among users. Among them, social networks, as a typical application of Web 2.0,
have become one of the fastest-growing online information interaction platforms in recent
years. With the rapid expansion of social networks, social networks specific to the research
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domain have also appeared. These are referred to as scientific social networks (SSNs), and
examples include ResearchGate, CiteULike, Academia.edu, and ScholarMate [2, 3]. SSNs
soften research boundaries, strengthen social networking research, and allow researchers to
easily find, use, and share research papers. These activities are of great benefit to researchers
because they can use them to keep abreast of the current trends in their research fields [2].
However, the rapid increase in the rate at which new papers are published and the ease of shar-
ing them via SSNs have also led to an information overload problem [4, 5]. This makes it diffi-
cult for researchers to find the most suitable and interesting scientific papers. From this point
of view, building recommendation systems to reduce irrelevant content and provide research-
ers with the most pertinent papers is an advisable method for helping researchers to relieve the
burden of time wasted on irrelevant papers.

Recently, paper recommendation methods have attracted many researchers. Different paper
recommendation approaches to automatically find papers from an overwhelming number of
available options have been developed [6-11]. A typical approach, content-based filtering (CBF),
has roots in digital libraries. It assists knowledge workers with finding helpful documents from
the Internet due to its content-oriented nature [12]. CBF analyses the content of a paper based
on a researcher’s past behaviour, such as the browsed papers, to extract personal preferences and
then recommends papers that are similar to those in which the researcher has shown interest in
the past [7, 13]. However, most of the existing CBF techniques emphasized the content of a
paper. As a result, problems of inaccurate profile extraction, a lack of recommendation diversity
etc. are encountered. These problems highly limit the performance of CBF recommendation
systems.

To overcome the above problems, in recent years, another recommendation approach,
commonly known as collaborative filtering (CF), has attracted more attention. Given its wide
application in e-commerce systems, such as Amazon and Netflix, there have also emerged a
large number of explorations in applying this approach in scientific paper recommendation.
When the CF approach is being used to recommend a paper, it considers the opinions (in the
form of historical preference behaviours) of other like-minded researchers [14]. CF predicts
based on the assumption that if some researchers agree on the quality of some papers, they are
likely to agree on the quality of other unknown papers. However, in spite of the success and
popularity, CF also encounters several limitations that make it unable to achieve the expected
performance, including data sparsity and the cold start problem. Of them, data sparsity is a
major problem that results from the fact that researchers are not willing to invest effort and
time in rating most papers in the real world; hence, the user-item matrix is sparse.

To alleviate the respective disadvantages of the CBF and CF approaches mentioned previ-
ously and leverage the advantages of them at the same time, in recent years, hybrid recommen-
dation approaches, in which the CBF and CF are combined, has been proposed to recommend
scientific papers [9, 15, 16]. Because of its higher prediction accuracy than a single approach
and the disadvantages of one approach can be overcome by the other approach, the hybrid
approach has already been gradually replacing the CBF and CF as a research hotspot and the
mainstream model.

Unfortunately, in spite of the success and popularity of the hybrid approach in scientific
research, most of its existing approaches have demonstrated to not be very robust when used
to recommend papers in reality. The reason is that unlike ratings given in the form of explicit
numerical ratings, e.g., al-5scale, to represent the degree tendency from “dislike” to “love”, in
SSNs recommendation, there are only positive instances, such as browsing activities and col-
lecting activities that show the user preferences (interested) explicitly, whereas the negative
instances of the user (uninterested) are extremely lacking. The extreme imbalance between the
positive and negative instances and the extreme sparsity in the dataset make it difficult to train
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the model and not possible to achieve the expected performance. Formally, the type of data
generated from paper recommendation is such that only positive instances can be clearly dis-
tinguished, whereas negative instances are highly uncertain; therefore, the problem is a classic
One-class Collaborative Filtering (OCCF) problem. However, to the best of our knowledge,
employing the perspective of OCCF to study paper recommendation remains has rarely been
done.

In an OCCEF problem, the data usually consist simply of binary data reflecting a user’s
action or inaction, such as page visitation in the case of news recommendation [17]. These
‘action’ items explicitly express the interested tendency of users; therefore, they are observed as
positive instances. In contrast, the negative instances are these items that users are not inter-
ested in. However, in situations of OCCF, there is only a small part of data that has been
labelled positive instances, whereas the rest is all unlabelled, i.e., ‘inaction’ or ‘missing’; thus,
the data are usually extremely imbalanced and sparse. In other words, since ‘inaction’ items
contain not only items that are not really interested to users but also items in which users are
interested but that cannot be found, they cannot be viewed simply as negative instances.
According to the earlier mentioned problems, the prior studies about OCCF mainly focused
on the modelling of these unlabelled instances [17-19]. However, the information about users
in these studies has been restricted to static statistics and transaction information on items
only, such as browsing and review activities, which is inadequate and inevitably results in a
large amount of noise accompanied by the negative instance introduction. In many applica-
tions, we naturally have much social information that can be leveraged. For example, in SSN,
researchers are allowed to assign tags to papers freely. These tags describe the contents of a
paper; thus, the latent features of the paper are obviously affected by the tags with which it is
labelled. Tags are also provided by researchers themselves independently, so they can more
reflect each researcher’s own concerns. Therefore, when building profiles to express users’
preference and papers’ features for similarity calculating and further negative instance extrac-
tion, considering this social tag information makes the extraction of researcher preferences
and paper features more characterized. On the other hand, with the deepening of communica-
tion among researchers in SSNs, many friend relationships have been established by research-
ers with similar interests, hobbies, and research field independently. Similar to the strength of
social tag information used in the procedure of profiling and modelling, this social friend
information also plays an important role in paper recommendation because people tend to be
more willing to choose items that have been chosen by their friends in real world [4]. That is,
the preference of a specific researcher should be similar to that of his friends to some extent.
Nevertheless, despite these benefits of this rich social information, in the existing setting of rec-
ommending for OCCF problem, there has been little exploration of how to mine the social
information in SSNs to overcome the imbalance and sparsity problem of the data and improve
the recommendation performance.

Therefore, to address the specific problems noted above and further improve the perfor-
mance of OCCF, a hybrid approach of Social and Content aware One-class Recommendation
of Papers (SCORP) in SSNis is proposed in this study. First, when extracting negative instances
to alleviate the problem of imbalance and sparsity, in addition to explicit positive instances of
researchers’ historical behaviours, the social tag information is applied into the traditional
CBEF to profile the researcher preferences and paper features, respectively. Since these social
tags are the description of papers’ main contents provided by researchers themselves subjec-
tively, they express not only the features of papers but also the concerns of researchers. There-
fore, using them to calculate the similarity between researchers and their unread papers as a
probability of the paper to be extracted as a negative instance is more trustworthy. Then, based
on the similarities, the unlabelled papers of high dissimilarity with that target researcher are
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extracted as negative instances. Additionally, the more positive instances the researcher has
acted in the past, the higher his activity, and consequently, the more the negative instances are
extracted for him. This is because the more positive instances the researcher has acted, indicat-
ing that the more papers he has seen previously. Other papers on which he has not acted are
more likely to be seen, but not be interesting to him rather than not be seen; therefore, the more
negative instances should be extracted for him. Second, in the step of modelling and predicting,
the social information in SSNs, such as tags and friends, is embedded into the standard CF
approach. In the real-world scenarios of OCCEF, a user typically interacts with a limited number
of items out of possibly thousands or millions of items, which leads to extremely sparse user
implicit feedback. It should be noted that although the negative instances are first extracted
from the missing data to enlarge the size of the labelled instances, the extracted number of nega-
tive instances is determined by the number of positive instances and must not be excessive.
Excessive negative instances extraction will inevitably bring a large amount of noise, resulting
in another imbalance, that is, too many negative instances and too few positive instances. An
extreme is all missing as negative, of which all missing potential positive instances are extracted
as negative instances mistakenly. It is obviously not worthwhile to fill the data and consequently
sacrifice recommendation performance. Moreover, on the one hand, as mentioned above, the
social tag information in SSNs is a visually textual description of the papers’ contents. Therefore,
the latent feature of the paper is obviously affected by the tags with which it has been labelled.
On the other hand, in reality, people always turn to their friends for recommendations; natu-
rally, their tastes and characters are easily affected by the friends they keep. In view of the
abovementioned reasons, the social information in SSNs is incorporated into the traditional
CF approach as additional information to further relieve the effect of data sparsity in OCCEF.
The proposed hybrid SCORP was evaluated through the comprehensive experiments using
real-life data from CiteULike, a leading scientific social network. The experimental results
demonstrate that the proposed SCORP approach achieves its best performance, an F-measure
0f 0.03341 when recommending 10 papers and an MAP of 0.09035 when recommending 20
papers. Moreover, compared with the baseline approaches, the proposed hybrid SCORP can
yield an improvement of more than 19% in terms of the F-measure, thus providing an effec-
tive method to recommend papers in SSNs.

The main contributions of this paper can be summarized as follows:

1. A hybrid approach of Social and Content aware One-class Recommendation of Papers,
termed SCORP, in which the recommendation of paper is formalized as an OCCF problem,
is proposed to recommend papers in SSNs. To the best of our knowledge, this problem has
rarely been explored in the state-of-the-art paper recommendation studies regarding SSN.

2. To solve the extreme imbalance problem, the social information in SSNs is applied in the
CBF approach for profiling to determine which papers are more likely to be selected as neg-
ative instances for a target researcher.

3. To solve the extreme sparsity problem, when modelling and predicting, social information,
such as tags and friends, is integrated into the standard CF approach to enhance the quality
of it.

4. To evaluate the performance of the proposed hybrid SCORP and the impacts of the inte-
grated social information, comprehensive experiments were conducted using a real-life
dataset, CiteULike. The experimental results demonstrate the effectiveness of the proposed
approach.

PLOS ONE | https://doi.org/10.1371/journal.pone.0181380 August 3,2017 4/30


https://doi.org/10.1371/journal.pone.0181380

@° PLOS | ONE

Social and content aware One-Class recommendation of papers in scientific social networks

The rest of the paper is organized as follows. In the following section, we survey the related
work about paper recommendation and OCCEF. The details of the hybrid SCORP approach are
introduced in the Hybrid SCORP approach in scientific social networks section, whereas the
Experimental design section presents the dataset, metrics and compared approaches used in
the experiments. The results are analysed in the Results and discussion section. We draw con-
clusions in the Conclusions and future work section and discuss future research.

Related work

Our work is related to two main research threads: (1) paper recommendation and (2) OCCF.
We review the pertinent existing literature from these two fields.

Paper recommendation

Paper recommendation systems, as mentioned earlier, are systems capable of helping research-
ers find papers that are relevant to their interests. They can be classified into three categories:
content based filtering systems (CBF) [20], collaborative filtering systems (CF) [21-23] and
hybrid systems [9, 24-26]. CBF identifies items of special interest through analysing item
descriptions, whereas CF filters or evaluates items by users’ opinions. Hybrid systems combine
CBF and CF to improve the accuracy of recommendations. Details about the current state of
paper recommendation already performed by researchers are given below.

The CBF approach tries to retrieve useful information, which is usually textual data from
papers that the researchers have shown interest in the past to build researcher preference
profiles. Then, relying on the researcher’s behavioural history together with the paper feature
profiles, a list of new papers that are similar to the researcher preference are recommended [9].
Case studies of typical CBF recommendation approaches were recently presented by Nalla-
patiet al. [27], in which the text and citation relationship were jointly modelled under the
framework of topic model. For the effective performance of the CBF, personal preferences are
required to be identified for the researchers and papers [7]. Basu et al. [28] proposed a technical
paper recommendation approach in which multiple information sources were combined to rep-
resent the researchers’ preferences and the papers’ features. A personalized research paper recom-
mendation systems was introduced by Honget al. [29], in which a user-profile-based algorithm
was used to extracting keyword by keyword extraction and keyword inference. Besides, recom-
mendation system presented in [13] was based on similarities between researcher profiles and the
concepts of each paper in the background data. In [4], a scholarly paper recommendation system
was developed by Nascimento et al.; they used titles to construct researcher profiles and titles and
abstracts to generate feature vectors of candidate papers to recommend. However, most of the
above pioneering CBF fails to represent the papers accurately because it suffers the limitation of
content feature extraction. With limited features, there will be the situation that several differ-
ent items are represented to the same features. It is obvious difficult for the CBF to distinguish
them. Another problem of employing the CBF is the lack of recommendation diversity. In
other words, it cannot recommend papers that are different from those a user liked in the
past. This is contrary to the goal of recommendation systems, which is to provide users with a
wide range of options, not homogeneous set of alternatives [9]. In addition to these problems,
new researchers and ignorance of the opinions of other researchers are all problems arising in
the CBF.

With the prevalence of social bookmarking and social networking websites, the CF
approach has attracted increasingly much attention. It recommends papers for researchers
based on the information on the likes or dislikes of a researcher. For example, in SSNs, given a
target researcher’s ratings for several papers and a database of other researchers’ ratings, the
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CF predicts how the target researcher would rate a paper that he has not read. The key idea of
CF is that a target researcher prefers those papers that like-minded researchers preferred. For
example, Boger and Bosch [2] applied the traditional CF approach for recommending scientific
papers and found that the user-based approach was better than the item-based approach
because of the data distribution factors. The experimental results showed that owing to tag con-
tribution, BM25-boosted CF achieved better performance than the other two CF approaches
used, Classic CF and Neighbour-weighted CF. To overcome the data sparsity problem, Vellino
[30] proposed a hybrid multi-dimensional approach in which usage-based and citation-based
approaches for recommending research papers were combined. A similar approach was also
presented in [6], which provided an interpretable latent structure with CF and probabilistic
topic modelling for researchers and papers; this approach is thus able to make recommenda-
tions for both existing and newly published papers. In addition to collective relations involved
in user-item pairs, some attempts have been made to analyse and incorporate social relations
into the CF approach. Lee and Brusilovsky [31] conducted paper recommendation considering
self-defined social contacts; group trust was mined together with personal trust and incorpo-
rated into the traditional CF techniques to recommend papers. In [32], a social citation network
was used in the CF approach to build a citation graph of papers for recommendation. It is clear
from these studies that the CF approach, as a popular and successful approach in e-commerce
domain, can also be used for paper recommendation and can provide recommendations that
are unable to be considered by the CBF [33-35]. However, the CF approach still have some
potential limitations, such as sparsity and cold start issues [36, 37]. In particular, the sparsity
issue entails low-quality recommendation results being obtained because the system has very
few rating records that users can employ to measure the similarity between users or items.
These data sparsity and cold start problems are non-negligible problems with employing CF for
paper recommendation that must be addressed.

In hybrid recommendation approaches, the CBF and CF approaches are combined to
exploit synergy between them [15]. The main assumption for this approach can be stated that
“combining the approaches can provide more accurate recommendation than a single ap-
proach and disadvantages of each approach can be overcome by the other approach” [38]. The
recommendation system in [39] employed a two-stage hybrid approach. First, it adapted a
CBF by representing books with keyword features to find neighbours. Then, it generated a CF-
based recommendation list and removed irrelevant books from the CF-based list using the
keyword preferences of individual members. Kodakateri [40] reversed the stages. This method
executed CBF based on the result trained through the decision tree, instead of incorporating
the CBF approach into the CF approach. In [41], another hybrid approach was proposed by
switching between the co-authorship network-based and content-based techniques on the
basis of the content coherence of a task profile. The abovementioned studies have combined
CBF and CF approaches to exploit the benefits of each other and lessen their disadvantages.
Many experiments with different combined strategies have been conducted in such studies,
and these experiments have proved the effectiveness of hybrid approaches. It is important to
note that in SSNs, there are only a few positive instances that can be observed explicitly, leaving
a vast number of unlabelled instances mixed with negative and unseen papers, leading to
extreme imbalance and sparsity; this is thus a classic OCCF problem. Nevertheless, few of
approaches have considered the OCCEF perspective.

OCCF

The OCCF problem, proposed in [17], is the problem of learning from positive and unlabelled
instances. It can be said that negative instances and unseen potential positive instances are
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mixed together, and usually, the portion of positive instances is small, which leads to an
extreme data imbalance and data sparsity. Recently, one-class datasets have started to obtain
the attention of researchers, and some relevant research addressing the aforementioned two
limitations has been performed. These studies are mainly based on one of two main lines of
thought.

The first line is at the algorithm level. For example, Pan et al. [17] proposed a weighted low-
rank approximation in which cost-sensitive learning is used. The central idea is to treat all
missing values as negative instances but give low and different weights to the error terms of
negative instances in the objective function. Moreover, in addition to assign a uniform weight
€[0, 1] for the credibility of each missing data being a negative instance over all users or all
items, there were two other weighting schemes that have been discussed, namely, user-ori-
ented and item-oriented. Specifically, they think if a user has viewed more items, those items
that he has not viewed are more likely to be negative; if an item is viewed by fewer users, the
missing data for this item are more likely to be negative. Accordingly, after computing the
number of items each user has rated and the number of users each item has been rated by, the
weights were determined. In a subsequent paper by Hu et al. [42], vastly varying confidence
weights on implicit feedback were introduced, which can then be approximated into a scalable
optimization procedure by two latent feature matrices. However, both of them require auxil-
iary knowledge of confidence for each observed feedback, which may not be available in real
applications and cannot be easily transferred to other situations. Furthermore, the strategy of
weight determination is always a restriction that cannot be ignored, but as far as we know, a
useful solution of this has not yet been proposed. Different from making a uniform assump-
tion about the negative class that are exploited in the above studies, Sindhwani et al. [19] sug-
gested treating zero-valued pairs as optimization variables computed from the training
data. Therefore, the distribution of the negative class was learned. Rather than these
approaches of formulating an optimization problem, Paquet and Koenigste [43] addressed
the lack of a negative class as a probabilistic model using a Bayesian generative model for
the latent signal with an unobserved random graph that connects users with items that they
might have considered. However, all of the above studies are based on the strategy of treat-
ing all missing values as negative instances, thus resulting in low practicability and applica-
bility owing their high computational costs, especially for large-scale sparse datasets, which
are common in real recommendation scenarios. Recently, more studies have focused on
how to take advantage of the abundant additional information to treat data imbalance and
data sparsity. A latent factor model was proposed to collaboratively mine users’ brand pref-
erences across multiple domains simultaneously [44]. Via collective learning, the learning
processes in all domains are mutually enhanced; hence, the problem of data sparsity in
every single domain can be effectively addressed by using information of other domains to a
certain extent. In [45], unlike the social interactive friend information that is exploited in
our study, static historical behaviours, including a user’s search query history, and purchas-
ing and browsing activities, were incorporated to improve the OCCF accuracy. Experimen-
tal results have demonstrated the validity of these models.

Another line of OCCEF is at the data level. The idea is to use sampling to re-balance the data
and alleviate the data sparsity. In prior works, several intuitive strategies to address this prob-
lem have been presented. One common solution is to treat all the missing data as negative
(AMAN). Empirically, this solution works well (see Section Experimental results and analysis).
The drawback is that it biases the recommendation results because some of the missing data
might be positive. Another solution is to treat all the missing data as unknown (AMAU),
which ignores all missing instances and only utilizes positive instances in the models. This
was performed in the one-class SVM [46], which tries to learn the support of the positive
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distribution. A trivial solution arising from this approach is that all the predictions for missing
values are positive instances. Obviously, this prediction is unreasonable. AMAN and AMAU
are two extreme strategies in OCCF. Recently, a related family of studies focused on how to
tune the trade-off between AMAN and AMAU, i.e., the induction of truthful and moderate
negative instances, and consequently develop better-performing algorithms overall. Such a
strategy was first proposed by [17], in which, a fast random sampling algorithm was used to
introduce negative instances from unlabelled data based on a probability matrix and negative
instance size. Specifically, the probability matrix was generated on the basis of three schemes,
uniform random sampling, user-oriented sampling and item-oriented random sampling. The
assumptions behind them are the same as the weight determination schemes that we explained
above. Following this research direction, more sophisticated assumptions attempt to balance
the solution and improve over the two extreme ones. A further study was conducted to explore
the scalability of algorithms [18]. The experimental results for a large-scale dataset demon-
strate that low-rank approximations and maximum-margin matrix factorization were truly
valuable in practice. Then, in [47], the authors proposed an approach to explicitly address this
type of ambiguity by instead treating the unobserved items as optimization variables. These
variables are optimized in conjunction with learning a weighted, low-rank nonnegative matrix
factorization (NMF) of the user-item matrix as the optimized model in a group matrix factori-
zation. Such frameworks provide a convenient method of combining feedback from prefer-
ences and from reviews, but their main drawback is that they are only applicable to review
websites and cannot be easily transferred to other situations. Alternatively, in addition to
extracting the negative instances from unlabelled data, in the last year or two, there have been
new attempts to identify users’ dislike negative instances from their observed ‘action’ feedback.
The sentiment of free-form user comments was combined with a nearest neighbours model
into a sentiment-aware nearest neighbour model (SANN) by mapping the sentiment scores to
user ratings [48]. The problem of OCCF was converted to recommendations with multiple
scores with which the degree of like and dislike is clearly distinguished. A similar exploration
was conducted in [49], where the sentiment of comments was explored and mined by an
ensemble learning-based sentiment classification (ELSC) approach and then integrated with a
matrix factorization framework. The benefits of these two approaches were mostly observed
when the amount of user comments was sufficient. In cases in which user comments are few
or even unavailable, such as paper recommendation in SSNs, their performance degrades.

In general, in the circumstances of solving the extreme data imbalance and data sparsity
problems naturally faced in OCCF, as noted above, no matter working at the algorithm or data
levels, there are serious limitations. When determining the confidence weight or the probabil-
ity of the unlabelled data to be a negative instance, only the static transaction statistical proper-
ties of users’ historical behaviour are used. As a result, there is no distinction between all
missing items for a user or all missing users for an item. Obviously, it is not reasonable and not
personalized for each user-item pair, since for different users, the possibility of different miss-
ing items being negative instances is different. From this point of view, there is an urgent need
to study discrimination of specific items for each user. More importantly, in many applica-
tions, we naturally have much social information that can be leveraged as additional informa-
tion. For example, in SSNs such as CiteULike, researchers can assign tags to papers they have
read and establish relationships with people of their choosing. Therefore, a large amount of
observed social information related to the researchers’ preferences and the papers’ features is
obtained. This social information, which has been applied in other domains, has been demon-
strated to significantly enhance the recommendation quality [50-53]. However, to the best of
our knowledge, in the setting of OCCEF for paper recommendation in SSNs, how to exploit this
social information to overcome the data imbalance and data sparsity problems has been rarely
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explored. Therefore, in this study, a hybrid SCORP approach in which the social information
is mined into the CBF for negative examples extraction and the CF for recommendation
modelling is proposed.

Hybrid SCORP approach in scientific social networks

Scientific social networks are mostly research-centred community platforms with high degrees
of paper sharing and communicating. On these platforms, researchers can assign tags to the
papers that they have read and build friend relations with other researchers who share similar
interests, hobbies or research fields with them. Moreover, the researchers’ actions on papers in
SSNs, such as marking as collecting, can only express positive ‘interest’ in papers. However, it
is generally not possible to know papers that are not of interest to researchers. Having consid-
ered these characteristics of SSNs, a hybrid method, SCORP, is proposed to help researchers
find useful papers for their research.

In this section, we will introduce the details of our hybrid SCORP recommendation model.
First, we formally define the problem of paper recommendation. Suppose that we have M
researchers, with the i-th researcher denoted as u;, and N papers, with the j-th paper denoted
as v;. Let R = {R; ;} denote the M x N researcher-paper matrix, where R;; represents the action a
researcher has performed on a paper. For a pair of vertices u;and v;, let R;; = 1,1 <i < M,1 <
< N denote that the researcher u; has performed an action, such as browsing or collecting, on
the paper v; and R;; = () otherwise. Then, the goal of our hybrid SCORP approach is converted
to exploit the observed one-class feedback and predicting the unobserved entries in the
researcher-paper matrix R*" based on the observed entries and other social information. The
framework of the proposed hybrid SCORP approach contains three primary stages: data acqui-
sition, negative instance extraction, and an OCCF recommendation model. First, negative
instance extraction is employed to extract negative instances for every researcher u; personal-
ized according to the activity and social tag information of the researcher. Subsequently, based
on the researcher-paper matrix R;; with negative instances extraction completing, social infor-
mation is embedded into the standard CF approach to further conduct a hybrid recommenda-
tion. Fig 1 shows an overview of the proposed hybrid SCORP approach.

Data acquisition

A web crawler is used to search the Web and retrieved all papers, researchers and friend rela-
tions in a certain SSNs platform. For the papers, each piece of information that may be used to
represent its features, such as title and tag, are collected together with the browsed and col-
lected histories of researchers. Therefore, a full technical datasheet for each paper is obtained.
For each researcher, in addition to his personal basic information and the tags that he has
given to papers, the friend relations that they have built with other researchers are collected.
The collected data are analysed and pre-processed to generate the researcher and paper vec-
tors. The data pre-processing consists of the following basic process: filtering, cleaning, tokeni-
zation, term extraction and stemming [54]. We first merge duplicate papers, remove empty
papers, and remove researchers with too few papers to filter the data overall. Then, numbers,
special characters, and punctuation are removed from the data by performing a cleaning task.
Next, using Lucene, a full-text search engine toolkit, the tokenization and the term extraction
process is conducted [55]. For each paper contained in the data collection, after tokenizing all
of their text contents, such as titles and abstracts, into individual terms, stop words are subse-
quently removed from the data via term extraction. Stop words include non-informative terms
that are not proper for representing the domain and the definite article. For example, the
words that appears in nearly all papers, such as ‘the’ or ‘a’. Finally, the stemming process
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Fig 1. Overview of the hybrid SCORP.
https://doi.org/10.1371/journal.pone.0181380.g001

considers different terms having the same root as the same terms. The purpose of the data pre-
processing is to transform unstructured text data into a structured form represented by words
to extract meaningful knowledge.

Negative instance extraction with social information

As mentioned earlier, when applying the OCCEF for paper recommendation in SSNs, the
extreme imbalance and sparsity of data greatly reduce the performance of recommendation
systems. Therefore, it is an important task to consider how to extract a proper number of nega-
tive instances from the papers that the researcher has not taken action on. However, most of
the existing studies are only based on the static statistical information to randomly extract neg-
ative instances. That is, for each user, all the items that he has not acted on are of the same pos-
sibility to be selected as a negative instance, or, for each item, all the users who have not acted
on it have the same probability of regarding it as a negative instance [17]. Apparently, the pos-
sibility of different inaction items as negative instances is different. In addition, it is known
that in SSN, researchers are able to assign tags to the papers that they have read. Such available
social tag information, as a type of implicit feedback, can be fully exploited and combined with
the observable positive feedback to improve the recommendation performance. Unfortunately,
this has always been ignored in OCCF paper recommendation. Therefore, in view of the above
problems, a negative instance extraction approach with the activity and social information is
proposed to solve the extreme imbalance and sparsity problems inherent in traditional CBF.

In sum, the main tasks of negative instance extraction include negative instance number
computing, paper feature profiling, researcher preference profiling, similarity computing and
negative instance introduction. First, for each researcher u;, according to the degree of his
activity, the number of negative instance to be selected is determined as follows:

Ni:ﬂXZRi (1)
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Where Z R, is the total number of papers that the researcher u; has acted on and Bis a neg-

ative rate parameter to control the balance between the positive and negative instances. This
parameter is used to express the activity of that researcher u; based on the assumption that the
more active a researcher, the more papers he has already seen previously. Therefore, others
that have not been acted are more likely to be seen, but not liked by the researcher, rather than
not have been seen. For researcher with high activity, there is a great necessary to extract more
negative instances.

Second, for each paper v;, the paper feature profiles are built. The paper feature profile con-
tains a set of word features that describe and characterize a particular paper v;. A paper profile
is a vector that obtained by analysing the textual information contained in that paper, such as
the title, and social tags assigned to it. For each word feature contained in a paper profile, the
frequency of the word to that specific paper v; is used to denote the weight of the feature. For
example, paperProfile(v;) is the profile of a paper v}, and it contains the description of v;. paper-
Profile(v;) can therefore be defined as a vector of weights (wv 1 Wyzs ooy Wy oo ijz)v 1<¢

< I, where each weight w,, represents the importance of a word feature k; to the paper v;.

Third, in a similar manner, the researcher preference profiles are built with the textual
information of papers he has read and other social information. Therefore, the preference of a
researcher u; can be expressed. Likewise, researcherProfile(u;) can be defined as a vector of
weights (W, , W9, W, ..., W, ), 1 <s < r where each weight w,  represents the impor-
tance of a word preference k; to the researcher u;.

Fourth, the similarity of the profiles between the target researcher u; and the papers unread
by u; is computed. With the paper feature and researcher preference profiles already been
built, similarity between a set of words from paperProfile(v;) and paperProfile(v;) is obtained.
To determine the papers that are dissimilar to ones a researcher u; preferred in the past, the

cosine similarity measure is used as follows:

Z researcherProlee( .), X paperProfile(v;),

\/ Z researcherProfile(u, \/ Z rpaperProlee v),?

sim(u,, v,) =

In this formula, researcherProfile(u;), is the t-th component of the researcher preference
profile researcherProfile(u;), and paperProfile(v;), is the t-th component of the paper feature
profile paperProfile(v;). The similarity values sim(u;,v;) range from 0 to 1; the nearer the values
to 0, the lower the similarity, which indicates a higher likelihood that researcher u; dislike the
paper v;. This calculation is repeated for all papers that have not been acted on by u;. Then, a
paper order is determined based on these calculated results for researcher u;, arranged from
small to large.

Finally, the negative instances for each researcher are introduced. For a target researcher u;,
after all papers on which he has not acted are ranked according to the similarity values sim(u;,
v;), only the top N; papers are extracted as negative instances. In the case of having the same
similarity, papers are randomly selected. Based on the above analysis, the negative instance
extraction of the proposed hybrid SCORP is performed according to the dissimilarity between
the researcher preference profiles and paper feature profiles. These papers that have a high
degree of dissimilarity with a researcher’s preferences are selected. Fig 2 shows the algorithm
of the negative instance extraction process.
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Input: observed researcher-paper matrix R:{R, /}M v the collection of textual

information of paper, researcher-paper-tag triplet information, the collection of tag

Q0= {ql N7 qh,...qH} ,the rate of negative instance extraction /.

Output: negative instances list /is¢/ for each researcher.

1: For j=1to N do
2:  Based on the collection of textual information of paper and researcher-paper-tag

triplet information, build paper profile;

3:  Create paperProﬁle(\{].) as a vector of weights (w,,/],w_v 25 oo anll)tO represent

the frequency of each word occurring in the paper profile;

4: End for

5: Fori=1 to M do

6: Based on the collection of textual information of paper, the observed researcher-paper

matrix R :{R, J}M N and the researcher-paper-tag triplet information, build researcher

profile;

7:  Create researcherProfile (1{ ,) as a vector of weights (WM, W, s e aWu.l) to
represent the frequency of each word occurring in the researcher profile;

8: Compute N, usingequation (1);

9: Initialize a candidate list of negative instance /ist, :{ };

10: Forj=1to Ndo

11: Ifthe paper v, has not been read by the researcher

12: Compute similarity C, ; = sim(u,,\{ ,.) using equation(2);
13: End if

14:  End for

15:  According to the value of C, add the corresponding paper v, to [list, as

. 1 2 o 1 2 Q B
list, = {vu,v. v .Vf,.} , Where v, <v <y <..<v7,0<N.For the papers with

1j2eeo Vijoee Vi,

the same similarity value, they are added randomly;

16:  Select N, -negative instances lz'st,.':{v,{/.,v2 VN‘.} from list,;

L,j2t 2 Vi
17: End for

18: Return the negative instances list /lisz/ for each researcher;

Fig 2. The algorithm of negative instance extraction with social information.

https://doi.org/10.1371/journal.pone.0181380.g002
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OCCEF prediction model with social information

Unlike the CBF approach, the CF approach predicts papers to researchers based on their previ-
ously rated papers. In general, CF approaches are mainly divided into memory-based CF and
model-based CF [56]. In memory-based CF, the recommendation score is computed based on
the entire the user-item matrix. The most common approach to memory-based CF is based on
neighbourhood models. The primary task to most of those neighbourhood approaches is the
similarity measure between users or items. However, in regard to the extreme imbalance and
sparsity problem of OCCEF, all these approaches share the disadvantage that they cannot provide
an accurate similarity when searching for neighbourhoods [57]. Model-based CF approaches
attempt to learn complex patterns based on training data (for example, the user-item rating
matrix) and provide recommendations based on the learned models [58]. Matrix factorization
(MF) techniques are typical model-based CF approaches and have been successfully applied in
movie recommendation context [59]. As its improved variant, recently, Probabilistic Matrix
Factorization (PMF) models have gained increasing popularity because they have exhibited out-
standing performance in many domains of recommendation problems [50-52]. In particular,
they address the problems of high dimensions and sparse instance spaces. The idea behind the
PMEF approach is to predict the rating by the learned high-quality D-dimensional feature repre-
sentation U of users and D-dimensional feature representation V of items based on analysing
the user-item matrix R**". In this work, we exploit the PMF to the OCCF for paper recommen-
dation in SSNs through a modification with social information.

Note that in real-world scenarios of OCCF, often less than 1% of the interaction between
users and items is observable out of possibly thousands or millions of items, which leads to the
extreme sparsity. In the first step of negative instance extraction, to avoid introducing noise, the
number of negative instances is determined based on the user’s activity. In other words, even if
negative instances have been extracted, the data are still sparse compared with the large amount
of available data. In addition, in SSN, as a special form of social networks, there is a large
amount of social tag and friend information created by researchers independently. This social
information has been proved to significantly improve the recommendation performance [60].
To be specific, this social tag information is the description of paper labelled by the researchers
who have read it. Therefore, the latent characteristic matrix of papers is obviously affected by it.
In view of the above consideration, both the item-tag matrix and user-item matrix are con-
nected through a shared item latent feature space. That is, the item latent feature space of the
item-tag matrix is the same as that of the user-item matrix. Similarly, the latent characteristic
matrix of researchers is reasonably expected to be similar with his friends. Since in reality, users
normally ask friends for recommendations, their preferences can easily affected by their friends
[51]. The higher the similarity between the user and his friends, the closer the latent characteris-
tic matrices of them are [60, 61]. In this study, this social information is embedded into the
PMEF approach to conduct a unified probabilistic matrix factorization to further alleviate the
data sparsity of OCCEF for paper recommendation in SSNs.

In general, the OCCF prediction model with social information is implemented in the follow-
ing five stages: paper-tag matrix forming, similarity computing between friends, social friend
matrix forming, researcher-paper matrix updating, and unified probability matrix factorization.

First, the paper-tag matrix is formed. Given the list of tags included in the dataset, let T' = {Tj}
denotes the N x H matrix of paper-tag pair information. For each Tjj, in the paper-tag matrix
T, if the tag by, has been used to label the paper vjin the past, Tj;, = 1, and Tj, = (), otherwise.

Then, the similarities for each user with their friends are computed. Considering the reality
in SSNs, when searching for papers to browse, the influence of different friends’ recommenda-
tion on the researchers must be different. These unimportant noisy friend recommendations
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have a detrimental effect on the recommendation results. Therefore, it is necessary to measure
the degree of similarity to prune this noise. Let researcherProfile’ (u;) denotes the papers they
have read. Please note that unlike a vector of weights defined in the previous section, the
researcherProfile (u,) = {a,,,d,,,---,a,,---,a,6},1 < g < Ghere isalist of strings that can
uniquely denote a paper, such as the paper ID. Each element a,, indicates whether the paper it
denotes has been acted on by the user u; at least once. Given a researcher u; and his friend
researcher uy, the similarity, sim(u;, uy), between them is obtained by using the Jaccard mea-

sure as follows:

__ |researcherProfile () N researcherProfile' (u,)|
~ |researcherProfile (u,) U researcherProfile'(u,)|

(3)

sim(u,, u,)

The results range from 0 to 1, and a bigger the value of sim(u;, u;) indicates more similar
between researcher u; and uy.

Next, the social friend matrix is formed based on the similarities between all researchers
and their friends. Let S = {S;x}, 1 < k < M denotes the M x M matrix of researcher social friend
networks. For any two researchers u; and u,, if they are friends in the SSN, the value of S; ; is
the similarity sim(u;, uy) of them; otherwise, S; = 0.

Subsequently, the researcher-paper matrix is updated with the negative instances extracted
for all researchers. To learn the latent features of the researchers and papers, PMF is employed to
factorize the researcher-paper matrix. The researcher-paper matrix R* is a collection of per-
sonal historical interest about all researchers, which is the basis of the PMF approach. To address
the key challenges of seriously data imbalance and data sparsity highlighted previously, the nega-
tive instances extracted in the previous section are introduced into the initial R*". Moreover, it
is worthwhile to indicate here that instead of assigning -1 to all of the negative instances, the val-
ues of them in researcher-paper matrix R*V are set with the similarity between the negative
instances and researchers. This is because in the researcher-paper matrix R*", R, ;= —1repre-
sents a researcher’s real action (dislike) on a paper, but for the negative instances, they are not
the researcher’s real selection, so the values of them in R*N should be close to -1 but never
equal -1. Furthermore, based on the assumption that the smaller the similarity of the negative
instances with researcher, the more likely they are to be really disliked by that researcher, the
similarities are used as the value of the introduced negative instances in R*<".

Finally, unified probabilistic matrix factorization is conducted on the updated researcher-

R along with the paper-tag matrix T MM,
RD><M

paper matrix and the social friend matrix
Getting the researchers latent feature matrix U €
RPN and the tags latent feature matrix B € T”*" through the gradient descent approach. Its
probability graph model is shown in Fig 3.

The column vectors U, V; and By, representing the D-dimensional researcher-specific,
paper-specific and tag-specific latent feature vector of researcher u;, paper v; and tag by, respec-
tively. S; x indicates the Jaccard similarity between researcher u; and his friend ;. N(i) indicates
the friend collection of u;. Note that the solutions of U and V are not unique.

According to the definition above, the conditional distribution over the observed resear-

cher-paper matrix R™ and the paper-tag matrix """ are defined as follows:

, the papers latent feature matrix V €

R
M N Lij

PRIV V.}) = [[[[[N®R lg(U/V)), %) )

i

-
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Fig 3. Graph model of prediction with social information.
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N H

PV, B.6}) = S0 [N(T,le(v7B,). 03] 5

j=1 h=1

Where N(x|u,0°) is the probability density function of the Gaussian distribution with mean
p and variance ¢%, and I iy is an indicator function that is equal to 1 if researcher u; has read
paper v; (or if paper v; has been labelled by tag by,), and 0 otherwise. The function g(x) is the
logistic function g(x) = 1/(1 + exp(—x)), which makes it possible to bound the range of UiTVj
and V] B, within the range [0, 1].

In addition, to avoid over-fitting, U, V; and B,, are all assumed to subject to zero-mean
Gaussian distributions and to be independent of each other. The user feature vector is also
affected by their friends’ user feature vector at the same time. That is,

M M
P(US,07,03) = [[N(UI0,6,D) x [[N| U] D S, Ui 03T (6)

i=1 i=1 keN(i)
N

P(V|o}) = [[N(Vjl0,030) (7)
j=1
H

P(B|o;) = > N(B,[0,0) (8)
h=1
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Hence, through Bayesian inference, we have

P(U,V,B[R,T,S,03%,0%,03,0%,03,02)
o p(R|U, V,a3)P(T|V,B,67)p(U|S, 03,, 03)p(Va? ) P(Bloy)

R
ij

:1][[ R,lg(UTV), 62)] x;z[ (T, 8(VTB,), o) x o

=1 h=1

H

ﬁ N(U,|0, 6% 1) H Z S, U, | x ﬂN(Vj|0,02VI) x Y N(B,|0,03)
i=1 veN(i j=1

i=1 h=1

This equation specifies the approach on how to derive the researchers’ and papers’ latent
feature space based on the researcher-paper matrix R™N with considering the preferences of
the researchers’ social friends in addition to the paper-tag matrix T""". The log of the poste-

rior distribution for the recommendations is given by

InP(U, V,BIR, T, S,0%,0%,0%,0%,0%)

YL ZZ = 8(VB)

R i=1 j=1 j h=1

RS T RS T 1 ¢ T (10)
20_22 Z iy v Ui_;Ti,vUv)_r‘%;Ui Ui_ﬁ;v} Vj_r._}ngBhBh_

S i=1 veN(i

ZZ[}.};Inai ZZITlnaT DZanU DZlnoV DZlnoB—FP

i=1 j=1 j=1 h=1

Where D denotes the dimension of the feature vector and P is a constant that does not
depend on the parameters. Maximizing the log-posterior over two latent features with hyper-
parameters kept fixed is equivalent to minimizing the following sum-of-squared-errors objec-
tive functions with quadratic regularization terms:

ffZZ FY Y, () +

i=1 j=1 j (11)

0 M GU M ., Qv N . 03 H .
EZ - TU)' (U~ ) T,U) 7;@ Ui+7;‘/j Vj+7;BhBh

i=1 veN(i) veN(i)

2 2 2 2 2
Where) =20 =% 0 =% 0 =2 9 =2 which reflect the influence degree of each
u 2> Ty 27T ar 2> "B ap

0,

matrix on the objective function. A local minimum of the objective function given by equal
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(11) can be found by performing gradient descent in Uj, V, By,:

0E ,
50, = 2 HS(UTV) R )G (WIV)V, 0,0, + 00 = 35,0 =05 3 5
i j=1 veN(i v\teN
_ Z S,,U,) (12)
weN(i

OE ¢ ; I A . i
37\/]- = Z;Ifj(g(Uil V]) - Ri,j)g (U Vl)[]z + HT; Ij{h(g(VjIBh) - T;ﬁ,h)g (VJ-IBh)Bh + HVV]' (13)

N
Z VTB T},h)gl(vvaBh)‘/j + 0;B, (14)

j:

Where N(k) is the set that includes all the researchers who are friends of researcher u; and
¢ (x) is the derivative of logistic function g (x) = exp(x)/(1 + exp(x))>.

For each researcher, after obtaining all prediction ratings based on the latent characteristic
matrix Uand V, the top N papers that he has not read are selected. For papers with the same
rating, they are selected randomly. This approach predicts how the target researcher would
rate a paper that he has not read according to their previously rated papers. Therefore, the
higher the rating obtained by a paper, the more likely the target researcher is interested in it.
Fig 4 shows the algorithm of the OCCF prediction model with social information.

Experimental design

This section presents the experiments of the proposed hybrid SCORP. The first two parts pres-
ent the experimental datasets and evaluation metrics that were used for evaluating the pro-
posed approach. Then, the compared approaches and experimental procedure are explained in
detail in the last part.

Experimental dataset

To evaluate the proposed hybrid SCORP, the CiteULike dataset was investigated in this
research [3]. CiteULike is one of the leading SSNs with an established social tagging and
friend-making system for researchers to find, store, manage, and share academic papers
online. On the website, researchers can add scientific papers in which they are interested to
their libraries and use tags to easily comment on any existing papers. Moreover, CiteULike
allows researchers to establish friend relationship with anyone they want and communicate
scientific research by creating research groups or join others’ groups with specific research top-
ics. Therefore, the CiteULike dataset is suitable for the experimental study performed here. To
obtain the required data, the CiteULike website was visited using a crawler. A collection that
contains paper Ids and other related information was extracted for each paper. Similarly, for
each researcher, his researcher ID was collected together with his browsing history. Since we
employed social information to improve the recommendation quality, in addition to papers’
and researchers’ social tags information, the friend relations that were shown on the page at
the time of the visit were collected. Considering the incomplete data problem and the compa-
rability of experiment, the tags were mainly used as text description information for the
researchers and the papers. Then, a data cleaning task was conducted following the process
described in [62]. Papers with less than 5 researchers who have read on them and researchers
with less than 15 papers browsing records were removed from the dataset. Finally, a dataset
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RMXN

Input: initial observed researcher-paper matrix , paper-tag matrix 7" and

social friend matrix S , number of iteration 7 , latent feature

dimension D , regularization parameter 6, ,0,, 6, , 6, , 6, and

learning rate y .
Output: researcher latent feature matrix U and paper latent feature matrix ) .
1:introducted the negative instances of each researcher into the initial observed
researcher-paper matrix R**" ;
2: Initialize U,V and B randomly;
3: For iteration=1to 7 do

4. For each <i,j)>€ R do

5: For each <j,n>e 7" do
E
6: Compute a—E, °F anda—E using equation (12), equation (13)
ou, o, 0B,

and (14) with current U,V and B ;

OF
7: Update U =U, —y—;
p 1 1 78U,
OE
8: Update V.=V, —y—;
p J J 76%
OE
9: Update B, =B, —y—;
p h h 7/th
10: End for
11: End for
12: End for

13: ReturnU and 7V ;

Fig 4. The algorithm of prediction model with social information.

https://doi.org/10.1371/journal.pone.0181380.g004

containing 1,024 researchers, 11,375 papers, 78,188 researcher-papers pairs, and 310,301 tags
was obtained. Table A in S1 File presents statistics characterizing the dataset.

Evaluation metrics

To compare the prediction accuracy of the proposed approach, the precision, recall, F-mea-
sure, and MAP (Mean Average Precision), which are widely used in recommendation systems
to evaluate the recommendation quality, were employed in this research [63]. Specifically,
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precision is the percentage of relevant papers out of those papers selected by the recommenda-
tion list while recall is the percentage of relevant papers selected out of all the relevant papers
in the repository. F-measure considers the effect of both precision and recall at the same time
and does not obscure any particular deficiencies; it can thus be used to evaluate the pros and
cons of the algorithm more comprehensively. They are given as follows:

Number of relevant recommended papers in top M

PrecisionQM =
Totle Number of recommended papers M

(15)

Number of relevant recommended papers in top M

RecallOM =
eca Totle Number of collected relevant papers of testing data

F — measureQM = (2 x Precision x Recall)/(Precision + Recall) (17)

Where M is the number of recommendation list.

MAP assesses the overall performance based on precisions at different recall levels on a test
dataset. It computes the mean of average precision (AP) over all researchers in the test dataset,
where AP is the average of precisions computed at all positions with a preferred paper:

MAPQM = %ZU: mizM: P(R;,) (18)

j=1 "J k=1

Where |U| denotes the number of researchers, m; is the number of relevant papers to the
researcher u;, and P(R;) represent the precision of recommended results from the top result
until reaching paper vi.. MAP@M considers the rank information of relevant papers in the rec-
ommendation list.

Experimental procedure

For the performance comparison in this research, some existing state-of-the-art paper recom-
mendation approaches in the literature were implemented. They are listed as follows:

1. Probabilistic Matrix Factorization, i.e., PMF: We compare our method with the baseline
method PMF proposed by Salakhutdinov et al. [64], which no negative instances are
extracted, that is to say All Missing As Unknown (AMAU) [17, 65] without consideration
of any social information. An ordered list of papers can be obtained by sorting the scores
calculated by multiplying two low-rank matrices.

2. IdNMF: This method is Low-Density Non-negative Matrix Factorizations method which is
the stat-of-the-art OCCF method represented by Sindhwani et al. [47]. We have reviewed it
in Related work.

3. Tag PMF: This method is proposed by Ma et al. [51], which no negative instances are
extracted, that is to say AMAU, and the social tag information is used in the probabilistic
matrix factorization instead of the social network in the original paper.

4. Friend_PMF [50]: No negative instances are extracted, that is to say AMAU, and only social
friend information are used in the probabilistic matrix factorization.

5. PMF_AMAN [17]: All Missing as Negative. Neither social tag information nor social friend
information are used in the probabilistic matrix factorization.
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6. PMF_RMAN: Random Missing as Negative. Neither social tag information nor social
friend information is used in the probabilistic matrix factorization.

7. PMF_DMAN: Dissimilar Missing as Negative. Through the process proposed by our
approach, extract the papers that are dissimilar to that researcher’s preference as negative
instances. Neither social tag information nor social friend information are used in the prob-
abilistic matrix factorization.

8. OCCF_AMAN [17]: With AMAN strategy. Both social tag and social friend information
are adopted in the probabilistic matrix factorization to enhance the recommendation
performance.

9. OCCF _RMAN: With RMAN strategy. Both social tag and social friend information are
adopted to conduct unified probabilistic matrix factorization.

10. OCCF_AMAU [65]: All Missing as Unknown. Use only positive instances with both social
tag and social friend information to conduct unified matrix factorization.

The collected data were used to construct a researcher-paper matrix and randomly divided
into training and testing datasets. 80% of researcher-paper matrix was used as the training
dataset, and the remaining data were used as the test dataset. Since each column in the matrix
corresponds to papers, the set of papers in test dataset was disjoint from those in the training
dataset. To ensure the experimental results were not sensitive to the division of each dataset,
all results reported here are averaged over 10 rounds, and each time we used different random
splits. The hyper-parameters for all approaches were optimized via a grid search in the first
round and kept constant in the remaining 9 rounds. The parameter settings of our approach
were Oy = 0y = 1, numFactors = 10, and numlter = 100. In our experiments, the parameters of
all algorithms were optimized for their best performance.

Results and discussion
Experimental results and analysis

In this section, the values for evaluation metrics were obtained and compared among the state-
of-the-art approaches and our proposed approach applied to the CiteULike dataset. The
detailed results are presented in Table B in S1 File. Table B in S1 File lists the performance in
terms of evaluation metric for top @M (M = 10, 20, 30, 40, 50) obtained by the proposed
hybrid SCORP and other compared approaches. The best results are marked in bold and
underlined.

Generally, as indicated in Table B in S1 File, the hybrid SCORP outperforms the compared
approaches with significant margins in all the metrics when recommending 10, 20, 30, 40 or
50 papers. The best performance in terms of the F-measure is achieved by our proposed hybrid
SCORP method to 0.03341 at a recommendation number of @10 with an improvement of
more than 19% on average. For MAP, the SCORP also obtains the highest performance, with a
value of 0.09035. The experiments also reveal a number of interesting observations. For exam-
ple, among these baseline approaches, the performance of PMF_DMAN, which does not use
social information in the stage of probabilistic matrix factorization but rather extracts negative
instances based on the similarity with social information, is always the best, even compared
with IAINMEF. In contrast, the PMF_RMAN, which randomly extract the negative instances
from the unlabelled data, obtains the worst result in terms of precision, recall and the F-mea-
sure. This result demonstrates the effectiveness of social information as additive evidence to
the baseline approaches. Mining social information to determine the recommended papers,
the proposed hybrid SCORP is able to obtain the best results.

PLOS ONE | https://doi.org/10.1371/journal.pone.0181380 August 3,2017 20/30


https://doi.org/10.1371/journal.pone.0181380

@° PLOS | ONE

Social and content aware One-Class recommendation of papers in scientific social networks

0.035 4
0.09 4

0.030 - 008

2
5
2 0025 27
o
0.06 -~
0020 -4 ... i g B i
5 —o—=SCORP ¢ 0.05 i g i —— SCORP
: : i —o— OCCF_AMAN ; ! —o— OCCF_AMAN
0015 4-vevni S S i == OCCE .RMAN. .. 004 ~feesmdien s OOCF - RMAN
: i i —+—+OCCF_AMAU ; i i —+—OCCF_AMAU
T T T T T 0.03 T T T T T
10 20 30 40 50 10 20 30 40 50
Top M Top M
H T 0.10-r T T
0036 oo rvererereeeeend B e S S PV DMAN { H : : < PMF_DMAN
—&—PMF_AMAN : i —>—PMF_AMAN
—&—PMF_RMAN 009 oo e PME-RMAN -

0.030 -§-n- e rgfgesaceicenens Rt SR ERPHEIC o U S

—ai— PMF

3 0.024-}

F-measure

0018 -}

0.012 -

Top M Top M
Fig 5. The influence of social information on negative instance extraction.
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Results analysis of negative instance extraction with social information. As mentioned
above, the imbalance and sparsity problems are the two main barriers of OCCF for paper rec-
ommendation. Therefore, in this section, the effect of the negative instance extraction with
social information is evaluated by comparing its recommendation quality to those of other
extraction strategies. The compared results are shown in Fig 5. It can be easily observed from
the figure that the two approaches with our proposed extraction strategy, the SCORP and the
PMF_DMAN, achieved higher performance for both F-measure and MAP over the compared
approaches. This result shows that social tags, as additional information, play a significant
role in the paper recommendation when determine whether to extract a paper as a negative
instance since the proposed hybrid SCORP achieves a performance improvement of more
than 17% relative to the best competitive approach. These results imply the natural advantage
of social tag information in characterization of researcher preference as well as paper feature.
Specially, we can see that compared to the AMAU strategy, the AMAN strategy is more effec-
tive. This is just consisted with the conclusion in [17] that although the label information of
unlabelled instances is unknown, we still have the prior knowledge that most of them are nega-
tive instances. Disregarding such information and using only positive instances does not lead
to competitive recommendations. In addition to that, through a further observation, compared
to the RMAN strategy, which randomly extract negative instances, the methods without
extraction, namely, OCCF_AMAU and PMF, are even better. This can be explained by the fact
that with RMAN, many potential positive instances were misclassified into negative instances.
As aresult, it damaged the training of the recommendation models instead. The above result
proves the importance of mining social information to find credible and trustworthy negative
instances.

Results analysis of OCCF prediction model with social information. This section inves-
tigates the effect of different social information on the performance of paper recommendation
in SSNs. We focus on the social tag and friend information of the CiteULike dataset due to
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F-measure

0.026

their generality. Fig 6 depicts the performance improvement of them against the baseline
PMEF, which does not use any additional information in the stage of probabilistic matrix factor-
ization. It is clear that the proposed hybrid SCORP outperforms in terms of the two perfor-
mance metrics to a great extent compared with the other three benchmark approaches, which
proves the effectiveness of social information in helping overcome the matrix sparsity. Specifi-
cally, according to the results presented in Fig 6, the social tag has a higher impact on the rec-
ommendation performance, which is attributed to the existence of domain relativity of the
papers in SSNs. In SSNs, people’s preferences are more professional and thus more sensitive to
the internal research topics of papers, which are refined as tags. Further, by integrating both
the social tag and friend information, the hybrid SCORP increases the performance signifi-
cantly. This is not merely because of their respective effectiveness but also benefits from the
potential promoting interactions between them adaptively.

Parameter discussion

For the proposed hybrid SCORP, the recommendation number M, the negative instance rate
B, and the regularization parameters of regularUserSim, regularltemTag, regularBiaoQian are
all important influence factors of the recommendation result. Therefore, further exploration of
the recommendation performance under different parameters settings is conducted. All of
these following experiments were performed on the CiteULike dataset, and all the values of
MAP were obtained under the parameters settings at which the F-measure took the optimal
value.

Discussion of the recommendation number M. For the personalized recommendation
systems, the ultimate goal is not to make the error between the predicted ratings and the real
ratings as small as possible but rather to recommend the most suitable list for the specific target
user’s preference. Therefore, determining the optimal value of the recommendation number
M is of great significance. It is evident from Fig 7 that with increased M, the precision is

40 50 10 20 30 40 50
Top M Top M
I PMF [ Friend PMF [l Tag PMF [ JOCCF AMAU |

Fig 6. The influence of social information on prediction.

https://doi.org/10.1371/journal.pone.0181380.g006
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reduced significantly while the recall is increased to a certain degree. Furthermore, the F-mea-
sure, as an overall consideration of these two metrics, its values of the proposed SCORP decline
slightly with increased M, it still far better than that of other methods. On the other hand, the
stable outperforming state of the proposed SCORP in spite of the recommendation number
also indicates the universality of it, whereas for the MAP, the influence of M on different meth-
ods seems very alike with a trend of a slight decline on the whole.

Discussion of the negative instance rate . As described in Section Negative instance
extraction with social information, the negative instance rate § is an important factor in the
negative instance extraction. Fig 8 shows the F-measure and MAP of the proposed SCORP
and compared approaches under different 5. When the negative instance rate 8 becomes
higher, the F-measure of the SCORP gradually declines on the whole except for the small bulge
when = 1.0ur explanation is that a smaller negative instance rate indicates a better balance
between positive and negative instances and a higher accuracy of the selected negative instan-
ces. As a result, together with these extracted negative instances, the original positive instances
can express the researchers’ preferences more accurately. With increased f3, on the one hand,
increased noise is extracted unavoidably and causes some interference with the recommenda-
tion. On the other hand, too many negative instances will also affect the distribution of the
data, resulting in the training results tending to be negative. An extreme instance can be ob-
served from OCCF_AMAN, which regards all unlabelled as negative. Obviously, the perfor-
mance of it was worse whether on F-measure or on MAP than the proposed SCORP from Fig
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8, which is consistent with our explanation. For the small bulge, it is most likely due to the
parameter tuning on other parameters (e.g., regularltemTag, regularBiaoQian, regularUserSim)
towards the optimal accuracy when § = 1 as the default. Because the increasing 8 does not
seem to incur a significant change in the recommendation when 8 € [0.2,1]. Moreover, as
increases, the number of training data is largely increase, which leads to a very large computa-
tional overhead. We set f = 0.2 as default to save computational and storage costs.

Discussion of the parameter of regularltemTag and regularBiaoQian. One of the main
advantages of the proposed SCORP is that it exploits the social information in SSNs. In our
model, the parameters regularltemTag and regularBiaoQian balance the information from the
R and the paper-tag matrix T"*", If regularltemTag = 0 and regu-
larBiaoQian = 0, only the researcher-paper matrix R**" is used for probabilistic matrix factor-
ization. Otherwise, if regularltemTag = inf or regularBiaoQian = inf, only the paper-tag matrix
TVH is extracted for prediction. Figs 9 and 10 show the impact of regularltemTag and regular-
BiaoQian on F-measure and MAP. For regularltemTag, it is observed from Fig 9 that the value

researcher-paper matrix

of the regularltemTag impacts the recommendation results significantly, which demonstrates
that integrating the researcher-paper matrix with the social tag information greatly improves
the recommendation accuracy. As regularltemTag increases, the recommendation F-measure
and MAP increase at first, but when regularltemTag surpasses a certain threshold, the recom-
mendation performance starts to decrease with a further increase of regularltemTug. The exis-
tence of the yielding point confirms with the intuition that purely using the researcher-paper
matrix or purely using the paper-tag matrix TV cannot generate better performance than
appropriately integrating these two types of information together. For the CiteULike dataset in
this study, the proposed SCORP achieves its best performance when regularltemTag is approx-
imately 0.1. A similar change appears for regularBiaoQian, which has its highest F-measure
and MAP at the value of 1. Compared with the regularltemTag, the results change of the regu-
larBiaoQian is more insensitive, which shows that the parameter regularltemTag of our
approach is easy to train to some extent.

Discussion of the parameter of regularUserSim. As mentioned in the previous section,
in the proposed SCORP, the parameter regularUserSim also plays a very important role. It
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controls how much the proposed approach should incorporate the information of the social
friend in SSNs. Too large or too small values for regularUserSim will result in a bad recommen-
dation. In many cases, we do not want to set regularUserSim to these extreme values since they
will potentially hurt the recommendation performance. In this section, how the changes of reg-
ularUserSim can affect the final recommendation is analysed. Fig 11 shows the impacts of regu-
larUserSim on F-measure and MAP. It can be observed that when the regularUserSim = 0.1,
both the F-measure and MAP achieve their maximum. The impact of regularUserSim generally
shares the similar trend as the impact of regularltemTag in Fig 9. Hence, no more repetition is
performed here due to space limitations. However, it is worth noting that compared with the
regularltemTag, the value of regularUserSim has less influence on the recommendation in

0.035
0.030
I
=
2 0.025
Q
5
2
0.020
0.015
— . ; e Y S s pereereenees IS
0.00 0.01 0.5 1.0 15 2.0 0.00 0.01 0.5 1.0 15 2.0
RegularBiaoQian RegularBiaoQian

——SCORP —o—OCCF_AMAN —=—OCCF_RMAN —%—OCCF_AMAU -—#—Tag PMF
—#—PMF_DMAN —$—PMF_AMAN —#—PMF_RMAN —O—Friend PMF —#—PMF 1dNMF

Fig 10. The influence of regularBiaoQian on proposed SCORP and other compared approaches.

https://doi.org/10.1371/journal.pone.0181380.g010
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CiteULike. The values of both F-measure@10 and MAP@10 barely change with the variations
in regularUserSim values. This result also corresponds with the inference explained in Section
Results analysis of OCCF prediction model with social information that papers in SSNs is
domain relativity; therefore, recommendation is more sensitive to the impact of social tags
labelled on them.

Conclusions and future work

In this study, a hybrid approach of Social and Content aware One-class Recommendation of
Papers in SSNs, termed SCORP is proposed. Social tag information was used in the negative
instance extraction for profiling in the CBF, and then combining with the observed static sta-
tistics, the problem of extreme imbalance and sparsity can alleviated. Subsequently, when
modelling and predicting, the social information in the SSNs, such as tag and friend informa-
tion, is also embedded into the standard CF to conduct unified probabilistic matrix factoriza-
tion, a further relieving of data sparsity of OCCF was made. The experimental results on real
SSNs dataset, CiteULike, demonstrated that the proposed hybrid SCORP approach is superior
to the compared recommendation approaches. With the proposed superior recommendation
approach, researchers will benefit from time saved on web browsing, increased access to valu-
able information that they need and greater awareness up-to-date developments in their field.
There are several promising directions for future research. First, according to the results
obtained, it is clear that additional social information contained in SSNs can greatly improve
the recommendation accuracy. Therefore, in the future, besides studying on the treatment of
fake noisy social information, this work will be extended by considering other available infor-
mation, such as the time factor and the quality of the scientific papers (as quantified by cita-
tions and journal impact factor). Second, to address the extreme imbalance and sparsity
problem inherent in the paper recommendation OCCF problem, more complex methods,
such as incremental iterative updating, can be implemented to produce better results. Third, in
this study, only one type of SSNs, CiteUlike, was employed to verify the proposed hybrid
SCORP approach. In the future, we will extend our approach to other platforms, such as
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Research Gate, ScholarMate, and Academia.edu. And further explore the combination of het-
erogeneous data sources to improve the recommendation applicability and generality.
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