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Natural language processing technologies, such as topic models, have been proven to be effective for
scholarly recommendation tasks with the ability to deal with content information. Recently, venue
recommendation is becoming an increasingly important research task due to the unprecedented
number of publication venues. However, traditional methods either focus on the author’s local
network or author-venue similarity, where the multiple relationships between scholars and venues
are overlooked, especially the venue-venue interaction. To solve this problem, we propose an author
topic model enhanced joint graph modeling approach which consists of venue topic modeling, venue-
specific topic influence modeling, and scholar preference modeling. We first model the venue topic
with Latent Dirichlet Allocation. Then, we model the venue-specific topic influence in an asymmetric
and low-dimensional way by considering the topic similarity between venues, the top-influence of
venues, and the top-susceptibility of venues. The top-influence characterizes venues’ capacity of
exerting topic influence on other venues. The top-susceptibility captures venues’ propensity of being
topically influenced by other venues. Extensive experiments on two real-world datasets show that
our proposed joint graph modeling approach outperforms the state-of-the-art methods.
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1 INTRODUCTION

Due to the information overload, scholarly recommendation is becoming a research hot topic
due to the increasing scholarly big data [26, 30]. Typical recommendation tasks include col-
laborator recommendation, paper recommendation, and publication venue recommendation.
Among them, venue recommendation is an increasingly important research task due to the
unprecedented number of publication venues. In the era of scholarly big data, the academia
is producing unprecedented amounts of scholarly information. As a consequence, scholars
are overwhelmed by numerous choices when selecting a suitable publication venue. This
might negatively impact the achievement of academic success in the long run [9]. Despite
the information overload issue resulted from increasing number of journals and conference,
finding relevant publication venues is further complicated due to the increasing discipline
overlap and interdisciplinary collaborations [2]. Publication venue recommendation, i.e.,
recommending for scholar relevant venues e.g., conferences and journals, has drawn exten-
sive research interests from the fields of digital library as well as computer science. Fig. 1
illustrates the idea of publication venue recommendation. The goal of publication venue
recommendation is to find a suitable venue for a given scholar based on his/her publication
records in the scholarly big data.
When designing a venue recommendation system, there are mainly two entities to be

considered, i.e., the target venues and the scholars. The ultimate goal of venue recommenda-
tion is to measure the interactions among venues and scholars properly. However, existing
methods can not model these interactions comprehensively, which either focus on author’s
local network or author-venue similarity. In this paper, we aim to tackle this problem and
propose a joint graph modelling approach for publication venue recommendation.

The nature of venue recommendation is to find an efficient matching strategy that connects
scholars with venues. Existing venue recommendation methods mainly fall into two paradigms.
The first kind of method utilizes the typical collaborative filtering (CF) method for venue
recommendation. These methods treat the venue recommendation task as an item-based
CF task, where the users are scholars and items are venues. However, it is difficult to gain
the scholars’ rating to venues due to the limitation of the scholarly datasets. To tackle this
limitation, some scholars propose to generate venue rating with auxiliary information, i.e.,
topic similarity score [1, 27]. However, it is not clear what kind of auxiliary information is
suitable and the venue rating matrix is sparse due to scholars’ limited publication counts.
The second kind of methods leverage the node similarity metrics in network science based on
the constructed academic information network [4, 10, 11]. For these methods, the indicators
can be direct node similarity, i.e., common friends [13], or indirect node similarity, i.e.,
random walk score [5, 28]. However, these methods can not capture the topic similarity
between scholars due to the overlook of scholars’ and venues’ topics. Meanwhile, it is not
clear which academic factor can bias the random walk best.

Besides the limitations addressed above, none of them take into account the relationships
between venues [25]. The high variation of topic influence across venues has not been
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Fig. 1. Illustration of publication venue recommendation.

considered. It is intuitive that scholars are possible to contribute venues with similar topics.
In this paper, we aim to tackle these problems.
To this end, we propose a joint graph modelling approach for publication venue recom-

mendation, which consists of three parts, including venue topic modeling, venue-specific
topic influence modeling, and scholar preference modeling. Instead of directly employing
the topic similarity between venues, we exploit venue-specific topic influence for better
recommendation. Specifically, we model the venue-specific topic influence based on three
factors, including the topic similarity between venues, the top-influence of venues, and the
top-susceptibility of venues. The top-influence characterizes venues’ capacity of exerting topic
influence to other venues. The top-susceptibility denotes venues’ propensity of be topically
influenced by other venues. Here, the top-influence of venues and the top-susceptibility are
low-dimensional vectors.
The proposed venue-specific influence modelling has two unique advantages: (1) Topic

influences between venues are measured asymmetric, enabling to capture the high variation
of topic influence across venues. (2) It uses two low-dimensional vectors to represent venue
topic influence, which can significantly reduce the number of free parameters so that the
data sparsity problem can be better solved.

In summary, the contributions of this paper are as follows,

∙ We propose a venue-specific topic influence modeling method to measure the venue-
venue relations in a asymmetric and low-dimensional way by considering the topic
similarity between venues, the top-influence of venues, and the top-susceptibility of
venues.

∙ We design a joint graph modelling approach for venue recommendation, which models
the scholars’ venue selection as a decision-making procedure, which considers both
venue preference and scholar preference.

∙ We conduct extensive results on two real-word scholarly datasets to evaluate the
performance of the proposed model by comparing with several state-of-the-art methods.
The results indicates the superiority of the proposed method.

1.1 Organization of the Paper

The organization of this paper is as follows. Section 2 introduces some important notions
and preliminaries. Our proposed method is presented in Section 3. Experimental setups and
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Fig. 2. Framework of proposed method.

results are presented in Sections 4 and 5. Related works are reviewed in Section 6. The paper
is concluded in Section 7.

2 PRELIMINARIES AND PROBLEM FORMULATION

In this section, we briefly introduce some related preliminaries and define the research
questions.

2.1 Preliminaries

Scholarly Big Data The background of this work is scholarly big data, which is the key
foundation for important academic applications such as science and technology management
and decision making, domain expert discovery, academic talent management, and innovative
technology services. Scholarly big data includes millions of scholarly entities, essay infor-
mation, institutional information and other academic entities, as well as other large-scale
academic related data such as academic social networks, online libraries And academic
search engines, etc.

Scholarly RecommendationWith the continuous increase of scholarly big data, scholars
are constantly facing the problem of information overload. It becomes increasingly difficult to
find suitable academic information, i.e., collaborators, paper, and venues. Recommendation
system is one of the effective ways to solve information overload, which has achieved effective
results in the fields of product recommendation for e-commerce and friend recommendation
in online social networks [22, 23]. Similarly, in view of the problem of scholarly information
overload, many scholars have proposed several scholarly recommendation methods from
different perspectives. Our work tries to recommend venues for authors [1, 3].

2.2 Problem Formulation

In the scenario of venue recommendation, 𝑈 and 𝑉 are denoted as the set of scholars and the
set of venues, respectively. We represent each scholar 𝑢 ∈ 𝑈 = 𝐼𝑢 as a sequence of his/her
venue interaction, where 𝐼𝑢 denotes all venues that scholar 𝑢 published based on his/her
publication list. We denote each venue 𝑣 as his/her all publications 𝑃 = {𝑝1, 𝑝2, 𝑝3, ..., 𝑝𝑡},
where 𝑡 is the total number of its paper collection. For each scholar 𝑢, we denote his/her

preference as a vector −→𝑔𝑢. For each venue 𝑣, we denote its preference vector as
−→
ℎ𝑣, and

denote its top-influence vector and top-susceptibility vector as −→𝑝𝑣 and −→𝑞𝑣 , respectively.
We denote 𝑤𝑢𝑣 as the number of publications that scholar 𝑢 submits to a venue 𝑣. The
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Table 1. Descriptions of key symbols.

Symbols Descriptions

𝑈 , 𝑉 Sets of scholars, venues
−→
𝑑𝑣 Topic distribution vector of venue 𝑣
𝑠𝑖𝑚𝑖𝑗 Topic similarity between venues 𝑖 and 𝑗
𝐼𝑢 Set of venues that scholar 𝑢 published
−→𝑔𝑢 Preference vector of scholar 𝑢
−→
ℎ𝑣 Preference vector of venue 𝑣
−→𝑝𝑣 Top-influence vector of venue 𝑣
−→𝑞𝑣 Top-susceptibility vector of venue 𝑣
𝑤𝑢𝑣 Number of publications scholar 𝑢 has on venue 𝑣
𝑧𝑖𝑗 Topic-specific influence from venue 𝑖 to venue 𝑗

topic similarity between venue 𝑖 and venue 𝑗 is denoted as 𝑠𝑖𝑚𝑖𝑗 . The venue-specific top-
ic influence from venue 𝑖 to venue 𝑗 is demoted as 𝑧𝑖𝑗 . The main symbols are shown in Table 1.

Based on the above definitions, our research question can be formulated as follows: Venue
Recommendation: Given a set of scholars 𝑈 with publication list 𝐼 and a set of publication
venues 𝑉 with publication records 𝑃 , venue recommendation aims at recommending each
target scholar 𝑢 ∈ 𝑈 a list of venues {𝑣|𝑣 ∈ 𝑉 } that target scholar is potentially interested
in but has not published up to recommendation.

3 PROPOSED METHOD

Our proposed model consists of three parts, as shown in Fig. 2, including venue topic
modeling, venue-specific topic influence modeling, and scholar preference modeling. The
venue temporal topic modeling aims to capture the topic similarity among different venues.
Our major innovation lies in the modeling of venue-specific topic influence based on scholar-
venue interaction. For the scholar preference, to avoid bias caused by directly modeling the
number of publishing frequency as a numeric quantity, we model a scholar publishing a
paper on a specific venue as a process of selecting one target venue from all the potential
venues. Next, we will introduce these three parts in details.

3.1 Venue-Topic Modeling

It is no doubt that measuring the topic similarity among venues play an important role in
venue recommendation. Topic models, i.e., LDA (Latent Dirichlet Allocation), have been
extensively studied for generating topic distributions of a given document [16, 29]. In our
case, a venue is composed of a number of papers. To model the topic distribution of a venue
𝑖, we use the ATM (Author-Topic Model) [17] as the basic framework. In the venue-topic
model, each venue 𝑖 is regarded as a “document” symbolized in the ATM model, and each
paper 𝑝𝑡 in this venue is regarded as an “author” symbolized in the ATM model. In other
words, all these papers “coauthor” this venue. Thus, we can directly apply the idea of ATM
for venue-topic modeling. The graphic schema of the ATM is shown in Fig. 3.

Specifically, in LDA, the modeling process of document collection generation is generally
divided into three steps. First, for each document, a topic distribution is sampled from
the Dirichlet Distribution. Second, for each word in the document, we choose a separate
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Fig. 3. Illustration of author topic model.

topic based on the topic distribution in the first step. Finally, each word is sampled from a
polynomial distribution of words based on the topics sampled in the first and second steps.
This topic model does not explicitly provide information about the author’s academic

interest. That is, when the information in the document content is useful, the author may
have written several articles as well as collaborators, so we do not know how these topics
are used in these documents which may also be used to portray the author’s academic
preferences.
Therefore, we adopt a simple model to model the academic preferences of authors.

Suppose there is a group of authors, 𝑎𝑑, ready to write this document 𝐷. For each word
in the document, an author is randomly and uniformly selected. A word is selected from a
word-based probability distribution for the selected author. The author-topic model combines
the advantages of the above two models and is defined as follows: it uses a topic-based
“performance”. At the same time, it models the content of the document and the academic
preference of the author . In the author-topic model, a group of authors is represented by
ad, and a document is represented by d. Every word about the author in the document is
randomly and uniformly selected. Then, in the topic model, a topic is selected from a topic
distribution targeted to the author, and then the word is generated from the selected topic.

Based on the venue-topic model, we can gain the topic vector
−→
𝑑𝑣 of each venue. Therefore,

the topic similarity 𝑠𝑖𝑚𝑖𝑗 between two venues 𝑖 and 𝑗 can be calculated based on the cosine
similarity as,

𝑠𝑖𝑚𝑖𝑗 =

−→
𝑑𝑖 ·

−→
𝑑𝑗

|
−→
𝑑𝑖 ||

−→
𝑑𝑗 |

. (1)
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Table 2. Four types of topic similarity function.

Type Definition

Linear Function 𝑓(𝑥) = 𝑎 * 𝑥
Power-law Function 𝑓(𝑥) = 𝑎 * 𝑥𝑏

Exponential Function 𝑓(𝑥) = 𝑎 * 𝑥𝑏 * 𝑒𝑐𝑥
Hyperbolic Function 𝑓(𝑥) = 𝑎

𝑥−𝑏

3.2 Venue-Specific Topic Influence Modeling

Different scholars will publish papers on different venues and different venues will attract
different scholars. In many recommendation scenarios, users prefer to select similar or
neighboring items. Similarly, scholars are possible to publish papers on venues similar with
their previous selections. However, different venues may have their own aims and scopes
which can not be simply explained by topic similarity.

For a target venue 𝑗, we try to model the topic influence from each venue 𝑖 in the
publication list 𝐼𝑢 of scholar 𝑢. To characterize the high variation of topic influence across
venues, we propose a venue-specific topic influence modeling approach, which models the
topic influence from venue 𝑖 to venue 𝑗 as follows,

𝑧𝑖𝑗 =
−→𝑝𝑖 𝑇−→𝑞𝑗 × 𝑓(𝑠𝑖𝑚𝑖𝑗). (2)

Here, the vector −→𝑝𝑖 is the top-influence of venue 𝑖, which characterizes venues’ capacity of
exerting topic influence to other venues. In other words, it denotes the willing of venue 𝑖’s
authors selecting other venues. The vector −→𝑞𝑗 is the top-susceptibility of venue 𝑗, which is
defined as the venue 𝑗’s propensity of attracting authors from other venues. In other words,
the willing of other venues’ author selecting venue 𝑗. 𝑠𝑖𝑚𝑖𝑗 denotes the topic similarity
between venues 𝑖 and 𝑗 calculated based on Eq. (1). 𝑓(·) is the topic similarity function.

We believe Eq. (2) is rational because of:

∙ 𝑓(𝑠𝑖𝑚𝑖𝑗) is designed to capture the possibility that two venues will be selected by same
scholars based on their topic similarity 𝑠𝑖𝑚𝑖𝑗 . In order to capture the fact that scholars
are possible to publish papers with similar topic venues, 𝑓(𝑠𝑖𝑚𝑖𝑗) will accordingly
increases with the increase of of 𝑠𝑖𝑚𝑖𝑗 . Specifically, we use four types of functions,
including linear function, power-law function, exponential function, and hyperbolic
function. The details are shown in Table 2.

∙ We use −→𝑝𝑖 𝑇−→𝑞𝑗 to capture the impact of a scholar’s previously selected venue 𝑖 on the
target venue 𝑗. Such process can asymmetrically capture the topic influence between
two venues so that it can depict the high variation of topic influence across venues more
flexible. Previous methods mainly model the venue topic influence by venue interaction
matrix, which is time-consuming and not suitable for sparse datasets [28]. Our proposed
model represents the topic influence across venues by two low-dimensional vectors so
that the number of free parameters is reduced, increasing the ability to solve the data
sparsity problem for venue recommendation.

∙ We model the venue-specific topic influence 𝑧𝑖𝑗 with a joint approach, which considers
the effects from both topic similarity and the internal characteristics of two venues.
Based on Eq. (2), given a target venue 𝑗, the topic similar and influencing venue will
bring about a high 𝑧. A dissimilar but influencing venue or, to the opposite, a similar
but less influencing venue will result in a relatively smaller 𝑧. Moreover, given a same
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venue 𝑖, 𝑦 is different for different target venue 𝑗 because the score 𝑧 is also related
to the intrinsic top-susceptibility vector −→𝑞𝑗 . This makes our proposed influence score
venue-specific in terms of involved venues.

We consider the topic influence from each venue 𝑖 in the publication list 𝐼𝑢 of scholar 𝑢
for a given target venue 𝑗. Therefore, given the set of venues 𝐼𝑢 of scholar 𝑢 and Eq. (2),
the overall topic influence of 𝐼𝑢 on the target venue 𝑗 can be calculated as

1

|𝐼𝑢|
∑︁
𝑖∈𝐼𝑢

𝑧𝑖𝑗 =
1

|𝐼𝑢|
∑︁
𝑖∈𝐼𝑢

−→𝑝𝑖 𝑇−→𝑞𝑗 × 𝑓(

−→
𝑑𝑖 ·

−→
𝑑𝑗

|
−→
𝑑𝑖 ||

−→
𝑑𝑗 |

). (3)

3.3 Scholar Preference Modeling

We take advantage of the impact from both scholar preference and venue-specific topic
influence to measure a scholar’s preference to a target venue. We use 𝑜𝑢𝑗 to denote scholar
𝑢’s preference to venue 𝑗, which can be calculated as

𝜆𝑢𝑗 =
−→𝑔𝑢𝑇

−→
ℎ𝑗 +

1

|𝐼𝑢|
∑︁
𝑖∈𝐼𝑢

𝑧𝑖𝑗 , (4)

where −→𝑔𝑢 is scholar 𝑢’s preference and
−→
ℎ𝑗 is venue 𝑗’s preference.

It is worth mentioning that scholars’ publication list 𝐼𝑢 show their publishing frequency
over all venues, which can be regarded as a kind of implicit scholar preference. In most
cases, previous recommendation methods directly employ 𝑤𝑢𝑣 to depict scholar preference
for recommendation. In contrast to this, we model each venue publishing behavior as a
process of selecting one target venues from all potential venues. Specifically, we denote the
probability that scholar 𝑢 selects venue 𝑗 as 𝜌𝑢𝑗 , which can be calculated as,

𝜌𝑢𝑗 =
𝑒𝑥𝑝(𝜆𝑢𝑗)∑︀

𝑛∈𝑉 𝑒𝑥𝑝(𝜆𝑢𝑛)
, (5)

where 𝑉 is the whole set of venues and
∑︀

𝑛∈𝑉 𝑒𝑥𝑝(𝜆𝑢𝑛) is the normalization over all venues
for a scholar 𝑢.

In this way, we can model the scholar 𝑢’s selection of publication venue 𝑗 as the result of
a decision-making procedure, avoiding the bias caused by directly adopting the 𝑤𝑢𝑗 as a
numeric quantity. The nature is to simulate the process of selecting one target venue from
all potential venues. Therefore, a scholar’s preference to venues can be regarded as samples
extracted from the scholar’s preference distribution {𝜌𝑢𝑗}. Therefore, we need to maximize
the log-likelihood of scholars’ venue preference as,

𝐹 =
∑︁
𝑢∈𝑈

∑︁
𝑗∈𝑉

𝑤𝑢𝑣 log 𝜌𝑢𝑗 =
∑︁
𝑢∈𝑈

∑︁
𝑗∈𝑉

𝑤𝑢𝑣
𝑒𝑥𝑝(𝜆𝑢𝑗)∑︀

𝑛∈𝑉 𝑒𝑥𝑝(𝜆𝑢𝑛)

=
∑︁
𝑢∈𝑈

∑︁
𝑗∈𝑉

𝑤𝑢𝑣 log(
𝑒𝑥𝑝(−→𝑔𝑢𝑇

−→
ℎ𝑗 +

1
|𝐼𝑢|

∑︀
𝑖∈𝐼𝑢

𝑧𝑖𝑗)∑︀
𝑛∈𝑉 𝑒𝑥𝑝(−→𝑔𝑢𝑇

−→
ℎ𝑘 + 1

|𝐼𝑢|
∑︀

𝑖∈𝐼𝑢
𝑧𝑖𝑘)

).

(6)

Note that for venues with which scholars do not publish any paper, 𝑤𝑢𝑣 is set as 0.
Finally, we recommend new venues to a given scholar 𝑢 according to the probability 𝜌𝑢𝑗

that the scholar will select venue 𝑗. The top 𝐾 recommendation list for user 𝑢 is ranked
based on the highest probability 𝜌𝑢𝑗 among all the new venues.
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3.4 Optimization

In this section, we describe the optimization of the mentioned four latent factors, including
−→𝑔𝑢,

−→
ℎ𝑣,

−→𝑝𝑣 , −→𝑞𝑣 and other parameters in venue-specific topic influence function.
Inspired by previous work on maximizing the log-likelihood function 𝐹 [21], we employ

the negative sampling approach [15] for optimization. To avoid noisy distribution, for each
selected target venue, we randomly sample 𝛼 negative venues. Moreover, we use ℱ to
substitute the likelihood function 𝐹 , which is defined as,

ℱ =
∑︁
𝑢∈𝑈

∑︁
𝑗∈𝑉

𝑤𝑢𝑣

∑︁
𝑓∈{𝑗}∪𝑁𝐸𝐺(𝑗)

{𝜉𝑙𝑓 log[𝜂(𝜆𝑢𝑓 )] + (1− 𝜉𝑙𝑓 ) log[1− 𝜂(𝜆𝑢𝑓 ]},
(7)

where 𝑁𝐸𝐺(𝑗) denotes the set of negative sampling venues to target venue 𝑗, 𝜂(·) is the
sigmoid function, and 𝜉𝑙𝑗 is 1 if 𝑙 = 𝑗 and 0 otherwise.
For the new substituted objective function ℱ , we employ the stochastic gradient ascent

method to optimize it. During each iteration, a mini-batch of a pair venue is randomly
sampled at a ratio 𝛾 for optimization. Meanwhile, the sampling probability is determined by
the number of publications that scholar 𝑢 has on venue 𝑣, i.e., 𝑤𝑢𝑣. Specifically, if a pair of
scholar and venue (𝑢, 𝑗) is randomly sampled, the four latent vectors can be updated as,

−→𝑔𝑢 = −→𝑔𝑢 + 𝜏𝑤𝑢𝑗

∑︁
𝑓∈{𝑗}∪𝑁𝐸𝐺(𝑗)

[𝜉𝑙𝑗 − 𝜂(𝜆𝑢𝑓 )]
−→
ℎ𝑓 , (8)

−→
ℎ𝑓 =

−→
ℎ𝑓 + 𝜏𝑤𝑢𝑗 [𝜉𝑙𝑗 − 𝜂(𝜆𝑢𝑓 )]

−→𝑔𝑢, (9)

−→𝑝𝑖 = −→𝑝𝑖 + 𝜏𝑤𝑢𝑗

∑︁
𝑓∈{𝑗}∪𝑁𝐸𝐺(𝑗)

[𝜉𝑙𝑗 − 𝜂(𝜆𝑢𝑓 )]
1

|𝐼𝑢|
𝑓(𝑠𝑖𝑚𝑖𝑗)

−→𝑞𝑗 , (10)

−→𝑞𝑓 = −→𝑞𝑓 + 𝜏𝑤𝑢𝑗 [𝜉𝑙𝑗 − 𝜂(𝜆𝑢𝑓 )]
1

|𝐼𝑢|
∑︁
𝑖∈𝐼𝑢

𝑓(𝑠𝑖𝑚𝑖𝑓 )
−→𝑝𝑖 , (11)

where 𝜏 is the learning rate.

4 EXPERIMENTAL SETUPS

In this section, we introduce the experimental setups including, datasets, evaluation metrics,
and comparison methods.

4.1 Datasets

We use two real-world scholarly datasets for performance evaluation, including the Aminer
dataset [20]1 in the field of Computer Science and CiteULike dataset 2. For both datasets,
the investigated year is from 2000 to 2010. We first do name disambiguation by the method
in [18]. Then, we filter out those scholars who have an academic career less than 5 years or
with less than 10 publications to screen out those scholars who are not active in academia.
The venues sets are constructed based on these scholars’ venue interaction. We further screen
out those venues which exist less than 5 years or are selected with less than 20 scholars. We
use the title and abstract content for venue topic generation for both datasets. The scale of
venue topic distribution is set as 100. After preprocessing, we obtain 121,354 scholars over
2,028 venues in DBLP datasets and 63,471 scholar over 3,677 venues in CiteULike datasets.

1http://www.aminer.cn/citation
2http://www.CiteULike.org/faq/data.adp
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For each scholar, we sort his/her publications chronologically. We use the early 80% as the
training data and the rest as the testing data.
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Fig. 4. Performance of TopIN with four types of topic similarity functions on the DBLP dataset.

4.2 Evaluation Metrics

We adopt three widely-used evaluation metrics in recommendation systems, including
Precison@K, Recall@K, and F1@K, where K is the number of recommended venues. The
Precision@K (P@K) is defined as,

𝑃@𝑁 =
# 𝑜𝑓 𝑐𝑜𝑟𝑟𝑒𝑐𝑡 𝑣𝑒𝑛𝑢𝑒 𝑖𝑛 𝑡ℎ𝑒 𝑇𝑜𝑝−𝐾 𝑙𝑖𝑠𝑡

# 𝑜𝑓 𝐾
. (12)

The Recall@K (R@K) is defined as,

𝑅@𝑁 =
# 𝑜𝑓 𝑐𝑜𝑟𝑟𝑒𝑐𝑡 𝑣𝑒𝑛𝑢𝑒𝑠 𝑖𝑛 𝑡ℎ𝑒 𝑇𝑜𝑝−𝐾 𝑙𝑖𝑠𝑡

𝑡𝑜𝑡𝑎𝑙 # 𝑜𝑓 𝑛𝑒𝑤 𝑣𝑒𝑛𝑢𝑒𝑠
. (13)

The F1@K is a combination of precision and recall, which is defined as,

𝐹1@𝐾 =
2× 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛×𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙
(14)
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Fig. 5. Performance of TopIN with four types of topic similarity functions on the CiteULike dataset.

For the recommendation list 𝐾, we consider 5 values (i.e., 1, 3, 5, 10, 20) in the following
experiments.

4.3 Compared Methods

We compare our proposed method with several state-of-the-art venue recommendation
approaches, including:

∙ PAVE [28] It is a biased random walk with restart model which exploits three academic
factors, including co-publication frequency, relation weight and researchers’ academic
in co-publication network.

∙ AVER [5] It is a personalized venue recommendation model by running a random walk
on heterogeneous networks which contain two kinds of associations, coauthor relations
and author-venue relations.

∙ PVR [1] It recommends relevant, specialized scholarly venues in terms of relevance to
a given researcher’s current scholarly pursuits and interests by calculating scholars’
personal venue rating.

∙ ANPH [13] It recommends appropriate publication venues to scholars by exploring
scholar’s network of related co-authors and other researchers in the same domain.
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Table 3. Recommendation performance comparisons on DBLP datasets in terms of Precision@N,
Recall@N, and F1@N.

DBLP
P@K(%) R@K(%) F1@K(%)

1 3 5 10 20 1 3 5 10 20 1 3 5 10 20
AVER 25.33 24.08 21.39 17.25 15.28 10.84 12.98 17.09 24.59 29.66 15.18 16.87 19 20.28 20.17
PAVE 26.87 24.54 22.39 18.36 15.36 11.08 13.25 18.36 25.44 30.58 15.69 17.21 20.18 21.33 20.45
ANPH 23.68 22.08 19.36 15.29 13.11 8.54 11.54 15.08 21.28 26.25 12.55 15.16 16.95 17.79 14.44
PVR 25.18 23.18 20.56 15.77 14.87 9.38 12.45 16.28 23.58 28.88 13.67 16.2 18.12 18.9 19.63
CFVR 24.28 22.57 21.89 16.28 13.28 9.08 12.28 15.29 22.91 28.39 13.21 15.91 18.01 19.03 18.1

TopIN-EF 27.18 25.27 22.19 20.07 16.84 11.23 15.23 20.38 27.87 35.33 15.89 19.01 21.25 23.34 22.8

Table 4. Recommendation performance comparisons on Citeilike datasets in terms of Precision@N,
Recall@N, and F1@N.

CiteULike
P@K(%) R@K(%) F1@K(%)

1 3 5 10 20 1 3 5 10 20 1 3 5 10 20

AVER 24.17 21.69 18.27 15.27 14.68 10.11 11.23 17.6 23.47 30.56 14.27 14.8 17.93 18.5 19.83
PAVE 24.56 22.07 18.98 15.77 15.08 10.28 11.98 18.25 24.17 31.58 14.49 15.53 18.61 19.09 20.41
ANPH 21.98 19.12 15.44 12.28 9.65 8.24 9.24 12.57 19.57 26.11 11.99 12.46 13.86 15.09 14.09
PVR 23.14 20.21 17.25 14.46 13.18 9.26 10.54 15.28 22.24 28.64 13.23 13.85 16.21 17.53 18.05
CFVR 22.5 19.28 16.54 13.82 12.01 9.09 10.27 14.58 20.65 26.39 12.95 13.4 15.5 16.56 16.51

TopIN-EF 25.27 22.25 19.24 16.28 15.28 10.87 12.25 19.25 25.71 32.44 15.2 15.8 19.25 19.94 20.77

∙ CFVR [27] It is a collaborative filtering based recommendation system which pro-
vides venue recommendations to scholars considering both topic and writing-style
information.

5 EXPERIMENTAL RESULTS

In this section, we present the experimental results from the perspectives of topic similarity
function selection and performance evaluation.

5.1 Topic Similarity Function Selection

For convenience, we name our proposed method as TopIN. After tuning, we set the sample
number 𝛼 as 10, the sampling ratio 𝛾 as 0.1, and the learning rate 𝜏 as 0.001 in each iteration.
The dimension of the latent vectors is set as 50. The dimension of the venue topics is set as
100. To avoid over fitting, we adopts a 𝐿2 regulation for latent vector optimization, where
the regularization coefficient is set as 0.01.

In Table 2, we list four types of topic similarity function. Here, we investigate the influence
of these functions and select suitable ones for the following experiments. We name the
corresponding TopIN with different functions as TopIN-LF, TopIN-PF, TopIN-EF, and
TopIN-HF, respectively. Figures 4 and 5 show the experimental results of TopIN with four
types of topic similarity function on DBLP and CiteULike datasets, respectively. We can see
from these two figures that TopIN-EF has the best performance on both datasets, which
indicate that the exponential function is the best choice to measure the relationships between
topic influence and topic similarity. Compared with other functions, exponential function
has more parameters which may better capture the uncertain variation of topic influence.

5.2 Performance and Comparison

In this section, we employ the TopIN-EF as the representative of our proposed method
for comparing with other state-of-the-art venue recommendation approaches over different

ACM Trans. Asian Low-Resour. Lang. Inf. Process., Vol. 00, No. 00, Article 000. Publication date:

July 2020.



Venue Topic Model enhanced Joint Graph Modelling for Citation Recommendation in Scholarly Big Data000:13

settings. Tables 3 and 4 show the comparison results on two datasets in terms of Precision@K,
Recall@K, and F1@K, respectively.
We can observe from these two tables that our proposed TopIN-EF always outperforms

baseline methods over all three evaluation metrics on two datasets. Notably, by comparison
with the best baseline method PAVE, TopIN-EF achieves a 9.31% improvement in Preci-
sion@10, a 9.56% improvement in Recall@10, and a 9.42% improvement in F1@10 on DBLP
dataset. Those improvements on CiteULike dataset are 3.23%, 6.37%, and 4.45%, respectively.
The best performance of TopIN-EF indicates it is useful to model the venue-specific topic
influence in designing venue recommendation systems.

Another interesting observation is that all the methods have a relative close performance
when the recommendation number 𝐾 is 1. But TopIN-EF has a faster performance im-
provement with the increase of 𝐾. This indicates that TopIN-EF is able to recommend
more potential venues for a target scholars, which meets the requirements of a serendipitous
recommendation [7].
Two random walk based venue recommendation methods, i.e., PAVE and AVER have

the best performance over all the baseline methods. These two methods considers various
academic factors for biasing random walk model on co-publication network or paper-venue
networks. However, the relationships between venues are overlooked. Merely calculating the
similarity between venues for recommendation is not sufficient. The ANPH method has the
worst performance because it mainly uses target scholar and his/her direct preference for
venue recommendation, where the similarity between venues is not considered. This indicates
that topic similarity plays an important role in designing a venue recommendation system.
It can be clearly seen from two tables that with the increase of recommendation list 𝐾,

Precison@K and F1@K decrease, and Recall@K increases accordingly. This is because of
their definitions. Take Precison@K for example, with the increase of 𝐾, more papers are
recommended, whereas the number of correct venue is stable.

By comparing the results on two datasets, we can see that almost all venue recommendation
systems have a better performance on the DBLP dataset. One potential reason for this
observation maybe the data sparsity. There are more venues in the CiteULike dataset and
the average venue number is much larger than DBLP dataset. In fact, DBLP dataset focuses
on the field of Computer Science, which CiteULike datasets consists of scholars from two
disciplines, i.e., Computer Science and Physics.
In summary, our proposed jointly modeling approach can improve publication venue

recommendation. The superiority of the proposed venue-specific topic influence model
approach indicates that: (1) Not only topic similarity but also topic influence between
venues should be considered for venue recommendation and the topic influence should be
measure is uncertain which can not be measure by a simple function. Exponential or power
law functions are two potential choices; (2) Modeling both scholar preference and venue
preference for characterizing venue-specific topic influence is help for venue recommendation.

6 RELATED WORK

In recent years, with the rapid development of information and communication technology
and the continuous development of economic globalization, the available data has become
larger and more complex. Academic society is also entering the big data era. With the rapid
development of science and technology, scientists all over the world continue to generate
huge amounts of data in scientific research and discovery. Scholarly big data has emerged
as a research direction [8]. Scholarly big data includes millions of scholarly entities, essay
information, institutional information and other academic entities, as well as other large-scale
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academic related data such as academic social networks, online libraries And academic
search engines, etc.
Scholarly big data includes various academic related data, including journal articles,

conference proceedings, dissertations, patent information, books, and academic report
documents, etc. In the academic society, the development of scholarly big data has brought
about new problems and challenges. Traditional data storage and data analysis methods can
no longer meet the needs of scholarly big data acquisition, storage, management, processing,
and analysis. Scholarly big data can help people improve our understanding of the academic
society from a data perspective, promote the rationalization and efficiency of science and
technology, help scholars discover the laws of scientific research, improve innovation capacity
and scientific research efficiency, help the country to formulate scientific and technological
development strategies, routes and guidelines to provide theoretical basis and method support.
Due to information overload, scholarly recommendation becomes one of the key research
directions in scholarly data mining, including collaboration recommendation, publication
recommendation, and venue recommendation, etc [24, 26].

Publication venue recommendation models recommend suitable and new publication venues
according to scholars’ publication history extracted from large-scale scholarly datasets [26].
It is one of the most widely-studied research topics in academic recommendations where
other typical recommendation tasks include collaborator recommendation [3, 12, 19], paper
recommendation [14], and citation recommendation [6]. Most studies on publication venue
recommendation to date mainly adopt the traditional recommendation techniques based on
citation analysis and scholars’ publication history for recommendation [1, 13, 27]. The most
frequent techniques include social network analysis and collaborative filtering.

Social network based venue recommendation approaches mainly adopt the node similarity
measurement in network science for recommendation. For example, Luong et al. [13] propose
to explore authors’ network of related co-authors and other scholars in the same domain for
appropriate publication venue recommendation. Chen et al. [5] propose to run a random
walk model on a heterogeneous network which contains coauthor relations and author-venue
relations for publication venue recommendation. Yu et al. [28] improve this approach by
exploiting three academic factors, co-publication frequency, relation weight and researchers’
academic level to bias the random walk.
CF-based approaches mainly exploit the auxiliary information for venue rating matrix

creation because most scholarly datasets do not contain the venue rating information.
For example, Yang et al.[27] consider both scholar topic and writing-style information for
recommendation. Alhoori and Furuta [1] propose an adaptive implicit rating technique for
venue rating creation.

7 CONCLUSION

In this paper, we propose a joint graph modeling approach based on venue topic modeling
for venue recommendation by measuring the venue-specific topic influence. We model the
venue-specific topic influence considering three factors, including the topic similarity between
venues, the top-influence of venues, and the top-susceptibility of venues. The venue topic
similarity is calculated based on venue-topic model and the four types of functions are
used to explore the impact of venue topic similarity on venue topic influence. The top-
influence characterizes venues’ capacity of exerting topic influence to other venues. The
top-susceptibility denotes venues’ propensity of be topically influenced by other venues.
Experimental results on two real-word datasets demonstrates that our proposed model
outperforms several state-of-the-art venue recommendation approaches. In future, we will

ACM Trans. Asian Low-Resour. Lang. Inf. Process., Vol. 00, No. 00, Article 000. Publication date:

July 2020.



Venue Topic Model enhanced Joint Graph Modelling for Citation Recommendation in Scholarly Big Data000:15

try to evaluate the performance of our method on other scholarly datasets to verify its
scalability.
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