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ABSTRACT

Academic venues act as the main platform of communities
in academia and the bridge of connecting researchers, which
have rapidly developed in recent years. However, informa-
tion overload in big scholarly data creates tremendous chal-
lenges for mining useful and effective information in order
to recommend researchers to acknowledge high quality and
fruitful academic venues, thereby enabling them to partici-
pate in relevant academic conferences as well as contribut-
ing to important/influential journals. In this work, we pro-
pose AVER, a novel random walk based Academic VEnue
Recommendation model. AVER runs a random walk with
restart model on a co-publication network which contains
two kinds of associations, coauthor relations and author-
venue relations. Moreover, we define a transfer matrix with
bias to drive the random walk by exploiting three academic
factors, co-publication frequency, weight of relations and re-
searchers’ academic level. AVER is inspired from the fact
that researchers are more likely to contact those who have
high co-publication frequency and similar academic levels.
Additionally, in AVER, we consider the difference of weights
between two kinds of associations. We conduct extensive ex-
periments on DBLP data set in order to evaluate the perfor-
mance of AVER. The results demonstrate that, in compari-
son to relevant baseline approaches, AVER performs better
in terms of precision, recall and F1.

Categories and Subject Descriptors

H.3.3 [Information Storage and Retrieval]: Information
Search and Retrieval

Keywords

Academic venue recommendation, Big scholarly data, Ran-
dom walk, Co-publication network

1. INTRODUCTION

Nowadays, the number of the researchers, articles and aca-
demic venues has risen beyond the imagination of various
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research communities due to rapid development of Informa-
tion Technology (IT). However, the task of mining useful
and effective information in big scholarly data is more com-
plex and challenging due to information overload. Academic
recommender systems have substantiated their necessity and
importance because they objectively provide users with per-
sonalized information services. Most academic recommender
systems focus on these four problems: collaborator recom-
mendation, paper recommendation, citation recommenda-
tion and academic venue recommendation [1].

The immense growth of academic venues makes it trou-
blesome for researchers to choose the most suitable venue,
which is witnessed by DBLP, a service that provides open
bibliographic information on major computer science jour-
nals and proceedings®. It has recorded 3711 conferences and
1391 journals. Researchers usually desire to contact suitable
academic venues, i.e. acknowledging high-quality and fruit-
ful academic venues, participating in academic conferences
or workshops which are closely related to their research, and
publishing their papers and research achievements in impor-
tant and relevant journals. Let’s verify these two scenarios.
1) An industrious researcher has made a breakthrough in his
research area. Consequently, in order to share his work with
other relevant researchers, such an industrious researcher
has to find a suitable academic venue (conference). The
question is, how can he find the relevant one with signifi-
cant effects. 2) A junior researcher, i.e. a researcher who is
at the initial stage of his research and has few publications,
intends to extend his research. But the lack of appropriate
academic venues’ information is a challenge for him to find
a relevant venue to consider and to publish his manuscript.
Additionally, although a veteran researcher knows his re-
search area well, he may need a solution relating to cross
field venue recommendation.

Considering the inherent requirements, a variety of ap-
proaches relating to academic venue recommendation have
been proposed [2, 3, 4, 5, 6]. There are also some smart
conferences systems or solutions that help improve partic-
ipation experience and solve the conference recommenda-
tion problems [7]. However, most of the researchers didn’t
take the aforementioned problems into consideration. In
this work, we propose a novel random walk based Aca-
demic VEnue Recommendation model (AVER). We firstly
integrate the academic entities (i.e. authors, publications
and venues) into a co-publication network [8], which con-
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tains two kinds of nodes (author and venue) and two kinds
of associations (co-author relations and author-venue rela-
tions). Furthermore, we propose three notable hypotheses,
1) the co-publication frequency can reflect the weight of the
relations, 2) the two kinds of relations show difference in
importance for researchers, 3) researchers are more likely to
contact those who have similar academic levels. Based on
these three hypotheses, we define a transfer matrix with bias
by introducing three academic factors, co-publication fre-
quency, weight of relations and researchers’ academic level.
The transfer matrix with bias, which is utilized to drive the
random walk with restart model (RWR), have been proved
to be effective in terms of leading a better academic venue
recommendation.

In summary, we make the following contributions in this
paper. 1) To deal with academic venue recommendation
based on big scholarly data, we develop AVER based on a
random walk with restart model. AVER is more favourable
in terms of achieving remarkable personalized academic venue
recommendations. 2) To reveal researchers’ real intention of
academic venues, we define a transfer matrix with bias by
utilizing the aforementioned three academic factors, which
can lead the random walk running on the co-publication net-
work with preference. 3) We conduct extensive experiments
on a subset of DBLP data set to evaluate the performance
of AVER. Moreover, we also measure the basic RWR model,
a topic-based model and a friends-based model for compar-
ison. Promising results are presented and analyzed.

2. RELATED WORK

Quite a number of recommender systems and algorithms
involving the academic venue recommendation have been

presented and discussed by various researchers in recent years.

These can be classified as content-based, social network-
based, hybrid-based and social aware based approaches ac-
cording to the suggestions of Adomavicius and Tuzhilin [9].

The traditional way of recommending a venue to a re-
searcher is by analyzing her/his paper and comparing it to
the topics of different conferences using content-based anal-
ysis. However, this approach introduces errors due to mis-
matches caused by ambiguity in text comparisons. As a con-
sequence, most researchers focus on social network based [4,
5] and collaborative filtering based [2, 3] methods. Addition-
ally, some social aware approaches have also been proposed
for academic venue recommendation [6, 10, 11].

Yang et al. [3] proposed an extended version of the neigh-
borhood collaborative filtering model to solve this problem
by incorporating style metric features of papers. They as-
sumed papers and venues are distinguishable by their writ-
ing styles [12]. Pham et al. [2] proposed a clustering ap-
proach based on the social information of users to derive the
academic recommendation. They utilized clustering tech-
niques to improve the accuracy of collaborative filtering.
However, this approach mainly involves predicting the pub-
lishing venue for a manuscript. Similarly, Luong et al. [4]
proposed a social network based approach to recommend
publication venues by exploring author’s network of related
co-authors and other researchers in the same domain.

In addition, Asabere et al. [6] proposed a socially aware
based approach to recommend presentation session (commu-
nity) venues to participants based on high research interest
similarity, strong social relations, and the matching of con-
textual information between the presenters and participants
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at the conference venue. Similarly, Xia et al. [10] proposed a
presentation session recommender for smart conference par-
ticipants by utilizing social properties such as tie strength
and degree centrality. Hornick et al. [11] recommended items
from a new disjoint set to users. Their proposed recom-
mender system requires no item ratings, but operates on
observed user behavior such as past conference session at-
tendance.

In our work, we describe the academic publishing scene
by a co-publication network, and model the real publishing
process by a RWR model based on graph theory and prob-
ability theory. Similarly, Tin Huynh and Kiem Hoang [13]
proposed a collaborative knowledge model running on the
collaborative network based on the combination of graph
theory and probability theory, which aimed at supporting
publication venue recommendation. Chen et al. [5] pro-
posed a recommendation method based on multi relational
analysis by combining different relation networks based on
optimal linear regression analysis. In our previous works,
we proposed a modified RWR model to compute the most
valuable academic collaborators recommendation by intro-
ducing some academic factors [14], which demonstrates that
the RWR model works well in academic social networks.
In this paper, our academic venue recommendation model,
AVER, is extended from the basic RWR model. We propose
the transfer matrix with bias by introducing three academic
factors, i.e. co-publication frequency, weight of relations and
researchers’ academic level, which ensures that the random
walk performs better when making academic venue recom-
mendations.

3. DESIGN OF AVER

AVER is designed to mine specific academic venues and
make personalized recommendation for researchers. The
model is inspired by the fact that, researchers usually de-
sire to keep contact with suitable academic venues, i.e. ac-
knowledging high-quality and fruitful academic venues, par-
ticipating in academic conferences which are closely related
to their research, and contributing to some venues where
it is possible for them to publish their research papers and
achievements. Additionally, AVER is the evolution from a
basic RWR model which has been proved to be suitable for
calculating the similarity of nodes in networks. Most of all,
the three academic factors we introduced, co-publication fre-
quency, weight of relations and researchers’ academic level,
aim at biasing the random walk, so that it traverses more
easily to the positive nodes. The detailed process of AVER
is described below. Additionally, the structure of our AVER
model is illustrated in Figure 1.

3.1 Overview of AVER

In this work, we model a kind of co-publication network
which are characterized by researchers and academic venues.
Figure 2 shows an example of the network. The colorized
nodes represent venues A, B, C and D. The three researchers
Bob, David and Alice collaborate to write five papers which
are published in the four venues respectively (note that Bob
publishes two papers in venue A). The nodes (venues and re-
searchers) along with links (co-author relations and author-
venue relations) form the co-publication networks. We de-
fine two kinds of node sets, Venues and Authors.

In AVER, whether a venue should be recommended de-
pends on its importance to the target researcher. The im-
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Figure 2: An example of co-publication network

portance is defined by the rank score of the venue, which is
determined by two factors, i.e. the number of neighbor nodes
and the rank score of incident nodes. The theory seems like
PageRank, a successful application of RWR, which provides
us a suitable use for reference. Equation (1) is similar with
PageRank in form.

1—«
N

AR(p;) = +a > AR(p;)P(p;,p:)

p; €A(pi)

)

AR represents the rank score vector. AR(p;) is the rank
score of node p;. A(p;) is the set of nodes incident to node p;.
P(pj, pi) is the transition probability from node p; to node
pi. « is the damping factor. When AVER is running on the
network to compute node ranking, starting from source node
po, an imaginary walker randomly walks in the network. The
walker has two choices, i.e. with probability «, walking to
next node p,, which is one of pg’s direct neighbors (p, €
A(po)), or with probability 1 — a, returning to source vertex
po. Equation (1) represents one step to getting one rank
score for node p;. With respect to all nodes in the whole
network, the approach is defined by Equation (2), which is
an iterative process.

AR = aSARY + (1 — a)q (2)

AR? is the rank score vector at step t. ¢ is a row vector
(0,...,1,...,0). It should be noted that, ARy = q. The rank
score of the target node is 1, while others’ are 0. S is the
transfer matrix, representing the probability for each node
to skip to the next node. For basic RWR model, the cell of
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matrix S (i.e. P(p;,pi) in Equation (1) is deflined as ﬁ.
(L(p;) is the number of node p;’s neighbors). It means that,
the walker has the same probability to skip to next node.
In AVER, we do some guidance work by introducing three
academic factors. The change of P(p;, p;) enables the walker
to skip based on preference, which will be proved to be better
in section 4 for academic venue recommendation.

With reference to Figure 1, the detailed process of AVER
is described below.

e Stepl. The initial input data is a set of publications

with authors’ information and venues’ information. AVER

firstly extracts the co-author relations and author-venue
relations, and then, generates the co-publication net-

works. There is a link between two authors if they

coauthored at least one paper, as well as a link be-

tween researcher and venue if the researcher published

a paper in the venue.

e Step2. After initializing the rank score of nodes and
weight of edges, AVER runs on the network. Dur-
ing the random walk process, the walker skips to next
node with a modified probability by considering the
three academic factors. The walk will stop until the
rank score is approximately convergent or the itera-
tions come to the upper limit.

e Step3. After getting the convergent rank score of each
node, AVER sorts the venue in accordance to their cor-
responding rank scores. Finally, removing the venues
with which the target author has contacted, the Top-N
venues are recommended to the target author.

Below, we present details of how the transfer matrix with
bias is computed by considering the three academic factors.

3.2 Transfer Matrix with Bias

Referring to the example shown in Figure 2, there are
seven academic entities. With respect to recommending
venues to Bob, he has never contacted venues C and D. Ac-
cording to the characteristics of the RWR model, the walker
can walk from Bob to C and D via David and Alice respec-
tively. After several times of iterative walking, venues C and
D are recommended to Bob based on the sorted rank score.
However, there are several academic factors that can be in-
troduced to meet the real scene. We exploit three of them
to redefine the transfer matrix in RWR.

Generally, researchers prefer contacting the academic en-
tities (researchers and venues) which have high frequency of
interaction with them, i.e. high publishing frequency in the
venue or high collaborating frequency with the researchers.
As shown in Figure 2, Bob prefers contacting David rather
than Alice because Bob collaborated with David twice and
Alice once. David seems to be more important than Alice for
Bob. Furthermore, Bob prefers contacting venue A rather
than B, since Bob published two papers in venue A. Based
on this assumption, we define co-publication frequency as
Equation (3) which is a part of the links’ weight.

Fi,j = {

Where cp;,; is the count of author ¢’s publications in venue
j. ct; ; is author i’s collaborating times with author j.

1 € Author,
i,j € Authors

Cpi,j Jj € Venues

Cti,j

®3)



In addition, there are two kinds of associations in co-
publication networks, i.e. co-author relations and author-
venue relations. In the case of basic random walk model, the
difference between these two relations is ignored. Author-
venue relations seems to be more important than co-author
relations, because the event of publishing a paper in the
venue is more preferable when profiling the researchers’ in-
terest. This proposition has been proved in subsequent ex-
periments which can lead to better performance when mak-
ing academic recommendation. We measure the weight of
relations using Equation (4) based on a ratio 3.

Wi = BFi; (4)

The ratio 8 is a variable empirical value. In AVER, § is
set as 20 for author-venue relations and 1 for co-author re-
lations.

Finally, we propose an assumption: the interest features of
academic entities can be more accurately reflected by similar
level neighbors. In case of researchers, they prefer contacting
other researchers with similar academic levels and publish-
ing papers in a venue which is most likely to accept their
papers. In other words, the relations between similar-level
academic entities are more weighty. The walker should walk
along these nodes with more probability in AVER. In order
to measure the similarity of academic entities, we define a
simple metric as shown in equation 5.

|AR; — AR;||
maxger ) (| AR — ARq||)

LevSim;; =1— (5)
Equation (5) aims at discovering the neighbor with small-
est rank score disparities based on a normalization method.
When computing the transfer probability S; ; from node %
to node j, AVER model adopts Equation (6). The walker
can run on the network with a modified bias.

Wi, ;

Sij=—=——21
! ZzEL(i) Wi

LevSim; ; (6)

4. EVALUATION AND ANALYSIS

We conducted extensive experiments using data from DBLP [15]gcience.

a computer science bibliography website hosted at Univer-
sity of Trier in Germany. In this section, we describe three
academic venue recommendation approaches for compari-
son, statistics of the data set, the evaluation metrics and
our experimental procedure for evaluating the performance
of AVER, as well as detailed analysis of the results.

4.1 Three Comparison Approaches

To measure the performance of AVER, we performed three
comparison approaches, i.e. the basic RWR model, a topic-
based model and a friends-based model.

Similar to popular random walk models, the details and
verification method of RWR is just like AVER, except that
the definition of transfer matrix with bias. The topic-based
method is a content-based recommendation approach in the
strict sense. The core of the approach is to compute the sim-
ilarity between researchers and venues. In this implementa-
tion, we regard the topic distribution of researchers’ publi-
cations content and venues’s publications content as feature
vectors respectively, which are calculated by an LDA (Latent
Dirichlet Allocation) model [16]. The similarity of researchers
and venues is defined by the Cosine Similarity based on these
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Figure 3: Detailed statistics of the data set from
DBLP

Table 1: Statistics of Data Set from DBLP
Statistics | venues | researchers | articles

Number 74 70326 163446

feature vectors. The friends-based model is a kind of col-
laborative filtering recommendation approach. Its basis of
recommending venues is the number of neighbors who have
relations with the venues. In this implementation, we treat
researcher’s collaborators and "collaborators of collaborator”
as neighbors. If there are many neighbors who contact a
venue, the venue should be recommended to the researcher.

4.2 Data Set and Metrics

DBLP indexes more than 2.3 million articles in computer
In our experiments, we use a subset of DBLP.
The subset data are all in the field of data mining involv-
ing 34 journals and 38 conferences altogether. The statis-
tics pertaining to the data set is shown in Table 1. The
data set contains 74 venues and 70326 researchers. Re-
searchers and venues are connected by 163446 articles in
this co-publication network. We divided the data set into
two parts: the data before year 2011 as a training set, others
as a testing set.

The detailed statistical characteristic of this co-publication
network is shown in Figure 3. Figure 3(a) describes the scale
of participants or contributors for each venue. Almost half
of the venues keep not more than 500 researchers. The scale
of 11 venues is so large that up to 3000 researchers publish
papers in them. We can also observe that from Figure 3(b),
almost 94% of these 70326 researchers contact not more than
3 venues. However, there are also some ”academic stars” (ac-
count for 0.13%) contributing more than 14 venues. Simi-
larly, Figure 3(c) shows the same trend for the number of
researchers’ publications. Most of them published not more
than five papers, but there were also many researchers pub-
lishing more than 14 papers. Figure 3(d) shows the number
of co-authors for each researchers. We can conclude that,
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Figure 5: The impact of researchers’ publications number on AVER

the degrees of most researchers are under 14, which indi-
cates that this data set is very sparse.

We employed three popular metrics, precision, recall and
F1 score, to evaluate the performance of AVER. Detailed
information about these metrics has been discussed in [14].
All experiments were performed on a 64-bit Linux-based op-
eration system, Ubuntu 12.04 with a 4-duo and 3.2-Ghz Intel
CPU, 8-G Bytes memory, and implemented with Python.

4.3 Results and Analysis

In this section, we initially performed several experiments
for AVER, basic RWR, topic-based and friends-based rec-
ommendation model on data set discussed above. Secondly,
we measured the performance of AVER when recommending
academic venues for researchers at different levels. We ran-
domly chose 100 researchers as target nodes and run AVER
with different target nodes, then, average the value of met-
rics for the 100 times experiments. We repetitively do such
experiments with different recommendation lists to evaluate
the influence of recommendation list on the result. Addi-
tionally, AVER and RWR were run with a « of 0.8.

Figure 4 shows the performance of AVER, basic RWR,
topic-based and friends-based recommendation model. The
x axis represents the length of recommendation list, which
is in the range of 1-39. The y axis represents precision,
recall and F1 score respectively. In Figure 4(a), all lines
roughly show a coincident downtrend. However, AVER and
basic RWR performed better in precision as a whole. A
close view of range 1 to 11 on z axis, AVER gets higher
precision, it comes to a peak value of 8.7% at when rec-
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ommending 3 venues. With the growth of recommendation
list, the performance of the four recommendation approach
tends to be similar. In Figure 4(b), the lines rise. AVER
and basic RWR have no significant difference, but their re-
call performed better than that of topic-based and friends-
based approach. With the number of recommended venues
reaching the sum of venues, the recall approximates to 1.
According to Figure 4(c), the F1 score shows similar trend
with precision. The F1 score of AVER reaches the highest
value of 12.95% when recommending 9 venues for each re-

searcher. The upgrade rate (Fl(Avfl?;{;fégRWR)) is 11.3%

in comparison to basic RWR. It is worth mentioning that,
AVER reaches its peak at point 9, while basic RWR achieves
the highest F1 score at point 11. That means the recommen-
dation efficiency of AVER is higher.

These experiments demonstrated that, the RWR based
model can achieve more accurate academic venue recommen-
dation than topic-based and friends-based approaches. Fur-
thermore, our work on transfer matrix with bias improves
the performance of AVER, and makes the recommendation
more efficient.

We also made several extensive experiments to measure
the performance of AVER on different researchers. We mainly
focused on the difference of researchers academic level, which
is reflected by the number of publications. Generally, junior
researchers show lower academic level with few publications,
while a famous professor shows high academic level with a
lot of high-quality publications. We divided the researchers
into three sets, i.e. C'l contains researchers whose publica-
tions range from 2 to 8, C2 contains researchers with 8 to 15




publications and C'3 contains researchers with more than 15
publications. The experimental results are show in Figure 5.

From Figure 5, we can see significant differences relating
to the effect on different sets of researchers even though they
show a similar trends in precision, recall and F1 score respec-
tively. In Figure 5(c), the AVER achieves the highest value
of 16.24% for F1 score at point 9 when making academic
venue recommendation for the researchers with 2 to 8 pub-
lications. The results mean that, AVER can perform bet-
ter at recommending academic venues for researchers with
fewer publications, i.e. junior researchers, which meets our
innovative intention of recommending academic venues for
effective research and collaboration.

5. CONCLUSION

In this paper, we focused on academic venue recommen-
dation for researchers based on the big scholarly data which
is necessary in current academia. To this end, we proposed a
novel academic venue recommendation model called AVER,
which exploits three academic factors (i.e. co-publication
frequency, weight of relations and researchers’ academic level)
to define transfer matrix with bias which drives a random
walk with restart model running on co-publication network.
We conducted extensive experiments on a subset of DBLP
data set to evaluate the performance of AVER in compari-
son to other state-of-the-art approaches: basic RWR, topic-
based approaches and friends-based approaches. The ex-
perimental results show that, AVER outperforms the other
approaches in terms of precision, recall and F1 score. Ac-
cording to the extended experiment, AVER performs better
at recommending academic venues for researchers with fewer
publications, i.e. junior researchers.

Nonetheless, there is still room for future study in this
direction. We only exploited three academic factors in co-
publication network. There are many other features such
as citation relations that need to be explored in AVER. As
a future work, more experiments should be performed on
other academic data sets.
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