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Expertise Finding in Bibliographic Network: Topic Dominance
Learning Approach
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Expert finding problem in bibliographic networks has received increased interests in recent years. This problem concerns with
finding relevant researchers for a given topic. Motivated by the observation that rarely do all coauthors contribute to a paper equally,
in this paper, we propose two discriminative methods to realize leading authors contributing in a scientific publication. Specifically,
we cast the problem of expert finding in a bibliographic network to find leading experts in a research group, which is easier to
solve. We recognize three feature groups that can discriminate relevant experts from other authors of a document. Experimental
results on a real dataset, and a synthetic one that is gathered from Microsoft academic search engine show that the proposed model
significantly improves the performance of expert finding in terms of all common Information Retrieval evaluation metrics.
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I. INTRODUCTION

AS the large portion of web provides information for vari-
ous kinds of real-world objects (i.e. entities), more search

engines provide object level search result. Some instances of
typical objects are products, people, papers and organizations.
As one of the noteworthy resources in the world, searching
the human expertise has recently attracted much attention in
Information Retrieval (IR) community. Considering experts
as the web objects, expert finding is one of the challenging
types of object level search, which concerns itself with ranking
peoples who are knowledgeable in a given topic.

Initial approaches for expert finding have been proposed to
identify experts in simple environments such as organizations
[1] and universities [2]. While these approaches are quite
effective in these simple domains, they are not appropriate
for complicated environments such as bibliographic networks
[3], hierarchical organizations [4] and experts’ social networks
[5]. Considering associated documents of each candidate as the
main evidence of his or her expertise, initial approaches are
not able to take into account other valuable expertise evidences
in such complicated domains. These evidences can be social
interactions between individuals, temporal behaviors of them
and the content independent document quality indicators (e.g.
the number of citation and the type of document).

Identification of knowledgeable persons in a specific aca-
demic field could be of great value in many applications such
as recognizing qualified experts to supervise new researchers,
assigning a paper to reviewers [6], [7], finding relevant experts
in social networks [8], [9] and expert team formation. As a
complicated search domain, bibliographic networks contain
various types of documents (e.g. conference proceedings,
journal articles), experts (e.g. students and supervisors) and
relationships between them (e.g. co-author and citation re-
lationships) that can be used to infer the expertise of the
academic persons. Finding experts in a bibliographic network
is a challenging task because of the following reasons:
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1) In contrast with simple domains, there exist a huge
number of documents and expert candidates in a bib-
liographic network, making it difficult to find the distin-
guished experts among numerous expert candidates.

2) Besides the content of associated documents of a person
in these networks, it is necessary to consider some other
important factors such as the quality of documents,
social interactions and temporal behavior of authors
for expert ranking. As a result, identification of these
effective features is an important step toward building a
high-quality search engine for bibliographic networks.

3) While scientific publications are usually products of
cooperation among members of a research group, it is
not obvious how to recognize the distinguished authors
in a given paper. Precisely estimating the contribu-
tion/importance of each author in multi-author publica-
tions is beneficial to recognize distinguished authors, and
this is one of the main challenges of expert finding in
bibliographic networks.

Many approaches have been proposed and shown to be
effective for expert finding. For example, document centric
models [1], [3] are based on the assumption that the relevance
of the textual context (i.e. associated documents) of a person
adds up to the evidence of his or her expertness. Although
these methods are beneficial for expert finding, they only con-
sider the equivalent share for each expert candidate mentioned
in a scientific publication. Generally, the authors of a paper
have different expertise level in the domain of that paper. For
instance, while the supervisor of a PhD project has a broader
view of the research problem, other co-authors might be more
involved in the detail of the project. As another example,
contributing in an industrial project, the project managers have
more expertise in the problem domain than the other team
members. While recognizing the contribution of each author
in a scientific publication has been noticed in many researches
[10], [11], it is not considered in expert finding approaches.

Considering each paper as an evidence of expertise for its
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authors, in this paper we propose three discriminative learning
algorithms to assign non-equal expertise score to authors of
a document. Specifically, our models assign more score to
authors who are more dominant in the topic of the paper. We
called our approach in this paper as “topic dominance” learn-
ing. We examine the impact of various features to estimate
the topic dominance of authors in a bibliographic network.
Specifically, we consider three feature groups; namely, struc-
tural, temporal, and activity-based features. We found that all
of these feature groups are beneficial to determine the topic
dominance of authors. We compare our proposed models with
the two baseline algorithms for expert finding in bibliographic
networks. Our experiments on a real dataset as well as on a
syntactic one indicate the efficiency of our proposed models.

The basic idea of our work has been recently published in a
paper of the CIKM conference [12]. However, the conference
paper does not have a complete description of the proposed
algorithms due to the page limit. This paper is a significant
expansion of the previous paper to add a new pairwise learning
approach, more experiments comparing pairwise and point-
wise learning to rank, and also comparison with new baseline
expert ranking algorithms.

The rest of this paper is organized as follows. In Section II,
we review some related work on expertise search. Section III is
devoted to a description of the background and preliminaries,
and in Sections IV and V, we introduce the detail of our
models of topic dominance learning. In Section VI, we define
the experimental setup and report the experimental results.
Finally, we present the conclusions and future work in Section
VII.

II. RELATED WORK

The inclusion of the expert finding task in TREC Enterprise
has attracted a significant amount of attention from 2005
to 2008 [13], [14], [15]. The main approaches of expert
finding can be categorized into two groups: profile centric
and document centric approaches [1]. While profile centric
method (i.e. Model 1 in [1]) directly models the knowledge
of an expert from his or her associated documents, document
centric method (i.e. Model 2 in [1]) first locates documents
which are related to the query and then finds the associated
experts. Although some variations of profile-centric methods
(e.g. proximity-based [16]) performed better than document-
centric methods on the TREC collections, document centric
method is generally more effective and easier to implement
than the profile centric method [17]. Therefore, most recent
methods of expert finding (e.g. [18], [19]) are basically the
extension of the document centric method.

The expert ranking problem in TREC test collection is
different from expert ranking in a bibliographic network.
Specifically, in TREC test collections, the associations be-
tween people names and documents are not clear [20] but
in bibliographic networks the authorship relation between
an author and a document is clear. The problem of expert
finding in bibliographic networks has been introduced in [3].
In this research, the goal is to retrieve experts in specific
academic domains based on their publications in the DBLP

1 bibliographic network. More recently, [21] proposed a new
smoothing method based on the community context of each
author and also a community-sensitive AuthorRank method for
co-authorship networks. They observe that the community (i.e
venue in which the paper is published) provides valuable and
distinctive information along with the documents of the ex-
perts. They also studied the expertise ranking problem through
modeling and exploiting heterogeneous network together with
the textual content information [19].

In all above mentioned approaches [19], [3], [21], if a
document is associated with more than one expert candidate,
then all of these candidates will get an equal score from
that document. In contrast, some approaches consider a non-
equal expertise scores for expert candidates occurred in a
single document. For example, [22] proposed an expert centric
language model which assumes that the terms in a document
are generated by those persons who are mentioned in it. For
documents with more than one associated candidate, they
proposed an EM-algorithm to refine the specific language
model of each expert candidate. As another approach, [16]
considered the proximity of query terms to expert’s name
occurrences and give more score to the expert candidates
whom their names are occurred near to the query terms.

Similar to these approaches, our model assigns non-equal
scores for expert candidates associated with a document.
While the method in [22] is an unsupervised approach and
basically a profile-centric method, our model is a document-
centric method which utilizes supervised learning to determine
the author’s dominance in topics of a document. Besides
the simplicity and the performance of the document centric
methods in comparison with the profile centric method, our
proposed model is able to employ various features to learn
author’s topic dominance. On the other hand, in bibliographic
networks, the names of authors are usually mentioned in the
same position of documents (just after the title); therefore, the
proximity based method proposed in [16] cannot be useful to
determine the topic dominance of each author in a document.

As a related line of research, [23] proposed three methods
to estimate the association strength between a candidate expert
and a document. The boolean method simply assigns zero/one
association weights according to occurrence of an expert’s
name in a document; however, the frequency method assigns
weights based on the occurrence number of an expert’s name
in a document. They also proposed the semantic relatedness
approach which assigns association weights based on the
similarity of document to the expert’s profile. The boolean and
frequency based weighting have better performance on TREC
test collections in comparison with the semantic relatedness
approach and are widely used in expert finding algorithms.
Specifically, the boolean weighting scheme is used in expert
finding algorithms for bibliographic networks [19], [3], [21].

It is worth mentioning that in bibliographic networks, the
name of experts are clearly occurred only once in their associ-
ated document (i.e. paper), therefore, the frequency approach
is not applicable for expert finding in these networks. In all
above methods, the association weights between a document

1www.informatik.uni-trier.de/ ley/db
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and its authors are determined independent of each other.
In contrast, our proposed models consider the relative topic
dominance of authors and assigns non-equal weights to these
associations.

While previous researches on expert finding estimate the
expertise relevancy without regard to authors’ contribution on
their associated document, some previous researches [11], [10]
suggested that authors of a document usually do not contribute
equally in generation of it. For example, [11] suggested that
the contribution of kth coauthor should be 1/k as much as the
first author, and [10] introduced weighted h-indices that take
into account the weighted contributions of individual authors
in multi authored papers. While these approaches estimate the
contribution of each expert based on their names’ order, we
used extensive set of features to learn the topic dominance of
authors in their research publications.

As another related line of research, [18] proposed a discrim-
inative learning framework for expert search. Their framework
is able to integrate a variety of document’s relevancy evidence
and also document association features. More recently, [24]
proposed a learning to rank approach for aggregate search
tasks such as expert search. However, these methods did not
take into account unequal expert-document association for
authors of multi-author documents.

Topic modeling approaches [25], [26], [27] are another line
of research related to our work. The topic modeling expertise
ranking is basically a profile centric approach [1] which tries
to find a profile (i.e. the topic distribution) for each author and
then match author’s profiles for the given query. This approach
has the following properties in comparison with document
centric expert ranking models (our proposed models are based
on the document centric expert ranking approach):

• Document centric models can be implemented using a
standard search engine with limited effort and does not
require additional indexing like profile centric models
[1]. Therefore, document centric approaches are generally
more preferred than the profile centric approaches.

• According to [1], profile centric models are generally sen-
sitive to parameter tuning. Specifically, the performance
of topic based ranking models are dependent on the num-
ber of learned topics. On the other hand, topic learning
for large datasets can be difficult and time consuming.
As a result, the topic modeling algorithms proposed in
[26](8,523 authors, 22,487 papers),[25] (14,134 authors
and 10,716 papers) are only evaluated on small datasets.

• Although, the topic modeling approach can semantically
search experts in a bibliographic network and as a result
can solve the query ambiguity problem, but these methods
suffer from too coarse grained retrieval unit (i.e. topic).
Please consider the following example:

– Author e is an expert on “Classification” topic. Due
to the too coarse grained retrieval unit of these
methods, this author will also get high score for
the “Clustering” query, because it is likely that
the specific words related to “Classification” and
“Clustering” are occurred in a single topic.

– Because of the above mentioned problem, the meth-

ods proposed in [21], [25] use a hybrid approach to
integrate document centric and topic based retrieval
models. However, the parameter tuning of the hybrid
method is usually difficult and depends on the test
collection and also the given queries.

As a matter of fact, the topic modeling approach has
also other main applications such as author interest finding,
conference suggestion, and association search by accumulating
the distance between authors [26].

III. BACKGROUND AND PRELIMINARIES

As one of the efficient approaches of expert finding,
document-centric methods [1], [3] estimate the relevancy of
an expert candidate by summing the relevance of his or her
associated documents. In this section, two main efficient meth-
ods of expert ranking in bibliographic networks are described.
The first method is Model 2 proposed by [1] and the second
one is the weighted language model proposed by [3].

A. Baseline Document Centric Model (ULM)

In this model, for a given query q, the relevance probability
of an expert is determined by the following equation:

p(e|q) = p(q|e)p(e)
p(q)

, (1)

in which, p(e|q) represents the score of candidate e for the
given query q, p(q|e) is the probability of query q given the
expert candidate e, p(e) is the prior relevance probability of
candidate e, and p(q) is the prior probability of query q.

As p(q) is a constant value in expert ranking, it can be
ignored from above equation. Therefore, relevance probability
of an expert candidate can be estimated by the probability of
the query given the expert candidate (p(q|e)), weighted by the
prior probability that candidate e is an expert (p(e)):

p(e|q) ∝ p(q|e)p(e). (2)

According to the document centric method [1], the proba-
bility of a query q given expert candidate e can be estimated
by the following equation:

p(q|e) =
∑
d∈De

p(d|e)p(q|d, e), (3)

where De indicates the subset of documents associated with
the expert candidate e. In this equation, to simplify the
calculations, it is assumed that expert candidate e is condi-
tionally independent of the query q given document d (i.e.
p(q|d, e) ≈ p(q|d)). As a result, by substituting p(q|e) in
equation (2), p(e|q) can be estimated as follows:

p(e|q) ≈
∑
d∈De

p(e)p(q|d)p(d|e)

=
∑
d∈De

p(e)p(q|d)p(e|d)p(d)p(e)

=
∑
d∈De

p(d)p(q|d)p(e|d), (4)

where p(d) denotes the prior relevance probability of docu-
ment d, p(q|d) is the probability of a query q given document
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d, and p(e|d) is the probability of the association between
document d and expert candidate e.

Probability p(e|d) provides a ranking of candidates asso-
ciated with a given document d, based on their contribution
made to d [23]. According to equation (4), three probabilities
should be estimated, namely, prior retrieval probability of
document d (i.e. p(d)), relevance probability of document d
(i.e. p(q|d)), and association probability of document d and
expert candidate e (i.e. p(e|d)).

The relevance probability of document d to query q (i.e.
p(q|d) in equation (4)) can be estimated by document language
model θd of document d as given below.

p(q|θd) =
∏
t∈q

p(t|θd)n(t,q), (5)

where p(t|θd) is the probability of term t given document lan-
guage model θd, and n(t, q) is the number of times that term
t occurs in query q. In order to overcome zero probabilities,
we use the JM-smoothing [28], so the probability p(t|θd) is
estimated as p(t|θd) = (1− λ)p(t|d) + λp(t), where p(t|d) is
the maximum likelihood estimation of the occurrence of term
t in document d, and p(t) is the occurrence probability of term
t in the document repository. In our experiments, we follow
[1] in setting the smoothing parameter λ = 0.5. [1] assumed
the document prior probability p(d) is uniform, so it does not
affect the ranking of experts.

For a multi-author document d, it assumed that each author
has the same level of knowledge about the topics described
in the document and therefore the association probability of
document d and expert candidate e is estimated as follows:

p(e|d) =
{

1
nd

e is an author of d

0 otherwise
(6)

where nd is the number of authors of document d.
To sum up, by substituting equations (5) and (6) in equation

(4), the final estimation of the Balog’s ranking is obtained by
the following score.

p(e|q) ∼=
∑
d∈De

(
∏
t∈q

p(t|θd)n(t,q))
1

nd
(7)

In the rest of the paper, we refer to this method as the uniform
language model (ULM).

B. Weighted Language Model (WLM)

The method described in Section III-A calculates the rele-
vance probability between the query and expert candidate, but
it ignores the prior relevance probabilities of the documents.
If we assume that two documents d1 and d2 have similar
contents, then the query likelihoods are almost the same (i.e.
p(q|d1) = p(q|d2)), therefore, the ULM assigns the same
score to the authors of these documents. However, if these
documents have different importance, we would prefer to rank
the authors of the more important document higher than the
less important one. This is the main idea of the weighted
language model proposed by [3].

They introduced a weight factor wd to denote the impor-
tance of a document, which, theoretically, can be interpreted

as being proportional to document prior probability p(d). The
weight factor is estimated using the citation count of document
(i.e. paper) and is transformed by the natural logarithm as
below:

wd = ln(e+ cd), (8)

where cd (cd ≥ 0) is the citation count of the document d and
constant e is used to guaranty that the weight factor not to be
less than 1.

The final estimation of the weighted language model is
equals to

p(e|q) ∼=
∑
d∈De

wd(
∏
t∈q

p(t|θd)n(t,q))
1

nd
. (9)

In the rest of the paper, we refer to this method as the
weighted language model (WLM).

IV. LEARNING AUTHOR TOPIC DOMINANCE

The document centric models introduced in section III are
effective models for finding experts in simple environments
where each document usually associated with a single expert
candidate. In these environments, the boolean weighting model
[23] can efficiently estimate the document expert association
probability (i.e. p(e|d) in equation (4)) like follows:

p(e|d) =
{

1 e is ocuuered in document d
0 otherwise

In contrast with expert finding in above mentioned envi-
ronments, a substantial fraction of documents in bibliographic
networks is associated to more than a single author. For ex-
ample, in DBLP bibliographic network, more than 76 percent
of documents (1,254,058 of 1,632,442 papers)2 have more
than one author. Therefore, the expert-document association
probability (i.e. p(e|d)) becomes an effective component to
estimate expert relevancy. Surprisingly, previous methods (e.g.
[3], [21], [19]), simply ignore the effect of this component
and assign the same score to all authors of a multi-author
document.

Indeed, rarely do all coauthors contribute to a paper equally.
Suppose a multi-author document d written by two authors a1
and a2, here, the question is which author is more dominant in
the topic of the document d? Which author should be ranked
higher for a query relevant to document d? Obviously, we
would prefer to rank the author with more topic dominance
higher than the rest authors of the document. To the best
of our knowledge, current approaches for expert finding in
bibliographic network do not take this factor into account.
We observe that some suitable features can significantly
help estimating the topic dominance of authors in research
publications. In the rest of this section, we first introduce
some effective feature groups, and then propose our model
for learning topic dominance of each author in multi-author
documents.

2The dataset is gathered from the Arnetminer website.
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Fig. 1. The co-authorship networks of top retrieved authors for Information
Retrieval (left figure) and Face Recognition (right figure) topics. Relevant
experts are indicated by black nodes.
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Fig. 2. Average of sum of citations for relevant experts and non-relevant
authors in logarithm scale. Horizontal axis indicates query numbers. Relevant
and non-relevant authors are illustrated by black and gray color, respectively.

A. Feature Groups

Various features can be beneficial to estimate the topic
dominance of author e in document d. For example, research
longevity of author, the expert’s authority in related research
community in topic of paper d, and the research activity (e.g.
diversity, quality of research, as well as semantic relatedness
of the document d and the profile of expert e) are some
effective features in estimation of topic dominance of author
e in document d.

Figure 1 indicates the co-author networks of top retrieved
expert candidates using the ULM (introduced in Section III-A)
for two research topics (i.e. Information Retrieval and Face
Recognition), in which relevant experts and non-relevant au-
thors are illustrated with black and gray colors, respectively.3

According to this figure, it is obvious that relevant experts tend
to be placed in the center of the co-author network.

As another example, to quantify the research quality of
authors, Figure 2 illustrates the logarithm of average of the
sum of citations for relevant experts (black bars) and non-
relevant authors (gray bars) retrieved by the ULM. It is clear
that the relevant experts obtain a greater sum of citations than
the non-relevant authors.

As another effective feature, the research longevity of an
expert candidate can be a useful evidence to infer his or her
expertise. As indicated in Figure 3, in most of the research
topics/queries, the research longevity of relevant experts (black
bars) is more than non-relevant authors (gray bars).

3We use [3] test collection to label relevant and non-relevant expert
candidates.
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Fig. 3. Average of research longevity of relevant experts and non-relevant
authors. Horizontal axis indicates query numbers. Relevant and non-relevant
authors are illustrated by black and gray color, respectively.

Note that in above examples, relevant experts and non-
relevant authors are the top-rank candidates that are retrieved
by the ULM, and this approach is not able to discriminate
these authors, because it ignores the effect of the mentioned
feature groups. According to above observations, we define
three feature groups to discriminate relevant experts from
non-relevant authors. These feature groups include: structural,
temporal, and activity-based feature groups. Although these
groups of features may have positive correlation with each
other, each group is conceptually different from other groups.

V. LEARNING MODELS

In this section, we propose our learning algorithms to
predict the topic dominance of each author in a multi-author
document. The predicted value for the topic dominance of an
author then can be plugged into the equation (4) to estimate
the relevancy of each expert candidate on a topic. We use two
main approaches to construct the ranking model using training
data, such that the model can sort authors according to their
degrees of importance in a multi-author document.

In our first approach, we cast the topic dominance esti-
mation problem into a classification problem that treats the
relevant experts in a multi-author document as positive data,
and non-relevant authors as negative data. More precisely, in
this approach, each author in a multi-authored document is
represented using a feature vector and the algorithm assigns a
topic-dominance score for each author of a given document.
This approach is known as pointwise learning to rank method
in IR literature [29].

In our second approach, we follow the idea of pairwise
learning [29] to estimate the topic-dominance of authors. In
this approach, for each pair of authors of a given document, we
determine the preference of ranking (i.e. which author should
be ranked higher) according to given relevance judgement.
Using these preferences, we learn a ranking function and then
for a given topic, we can rank authors according to their topic
dominance on a given topic. In the rest of this section, we first
propose the pointwise learning model and then we introduce
the pairwise learning model.

A. Pointwise Learning

In this section, we propose two discriminative methods
to predict the topic dominance of each author in a multi-
author document. In these models, we use a topic dominance
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variable c ∈ {0, 1} to denote how much author e of document
d has dominance on the topic of document d. Specifically,
the probability of Pθ(c = 1|e, d) can be used as the topic
dominance estimator of author e for document d, where θ is
the unknown parameters that should be learned using training
data.

In order to train our model, for a given topic t, we divide the
set of retrieved documents by ULM into two distinct subsets.
The first subset denoted by D1t, includes documents which
have been written by at least one relevant expert to topic t (i.e.
an author which is determined as a relevant expert for topic t
in the given test collection) and the second subset denoted by
D2t, includes all documents that all of their authors are non-
relevant to the topic t (according to the given test collection).
By definitions of D1t and D2t, Dt = D1t ∪D2t, where Dt is
the set of documents retrieved by the ULM for the topic t.

1) Pointwise Learning- Model A
While there is no obvious evidence for the relative topic

dominance of the authors of papers in D2t (because all of
their authors are labeled as non-relevant to topic t) , we
can assume that relevant experts to topic t have more topic
dominance on this topic in comparison with non-relevant
authors in D1t. Therefore, in our first attempt for building
a learning model, we only use the documents of D1t. For
each document d ∈ D1t, we produce the training set as
T1 = {(e, d, et)|e ∈ A(d), d ∈ D1t, et ∈ {0, 1}}, where
A(d) denotes authors of document d, e indicates an author
of document d, and et is the label of author e in the expert
finding test collection for topic t. Specifically, et equals to 1
(et = 1) when author e is a relevant expert for topic t and et
equals to 0 (et = 0) when author e is a non-relevant author
for topic t.

The members of T1 can be divided into positive and negative
instances. Given the relevance judgment et for each expert e
on topic t, the likelihood L of training data is as follows. In
this equation , we assumed that the relevance judgments et
are generated independently.

L =

|T1|∏
m=1

∏
e∈A(dm)

Pθ(c = 1|dm, e)etPθ(c = 0|dm, e)1−et ,

We model Pθ(c = 1|dm, e) by logistic functions on a
linear combination of features. The unknown parameters θ can
then be estimated by maximizing the following log likelihood
function.

θ∗ = argmaxθ
∑|T1|
m=1

∑
e∈A(dm)(et logPθ(c = 1|dm, e)
+ (1− et) logPθ(c = 0|dm, e))(10)

The estimated parameters can then be plugged back in Pθ(c =
1|dm, e) to predict the topic dominance of author e on topics
described in dm.

2) Pointwise learning- Model B
In model A, we use only the documents in D1t and ignored

the documents in D2t. In order to avoid the bias and more
precisely predict the topic dominance of each author, we
can also use the documents in D2t. As mentioned before,

for documents in D2t, we do not have any evidence that
confirms the relative topic dominance of authors in a multi-
author document. As a result, following the idea of [3], for
each document d ∈ D2t, we assume the equal topic dominance
for all authors. In this case, the predicted topic dominance of
an author in a given paper can be estimated by the following
equation:

p(e|d) = Pθ2(y = 1|d)Pθ1(c = 1|d, e, y = 1)

+ (1− Pθ2(y = 1|d)) 1
|A(d)| , (11)

where Pθ2(y = 1|d) indicates the probability of document
d being a member of D1t and Pθ1(c = 1|d, e, y = 1) is
the strength of topic dominance of author e in document d
which has been written by at least one expert. In this equation,
θ1 and θ2 are unknown parameters of model and should
be determined to find the optimal probabilistic functions of
Pθ1(c = 1|d, e, y = 1) and Pθ2(y = 1|d). In this learning
model, the members of D1t as well as D2t are used to generate
the training set. Each training instance can be described using
the following set:

T2 = {(e, d, y, et)|e ∈ A(d), d ∈ Dt, et ∈ {0, 1}, y ∈ {0, 1}}.

Each member of T2 has two labels. The y label indicates
whether the document d is a member of D1t; if y = 1, then the
label et indicates the relevance of author e in topic t. Given
the relevance judgment et and the label y of each document,
the likelihood L′ of the training data is as follows. We assume
that the relevance judgments et are generated independently
(we assume the same assumption for y labels).

L′ =
∏|T2|
m=1

∏
e∈A(dm) Pθ1θ2(c = 1, y = 1|dm, e)y∗et

Pθ1θ2(c = 0, y = 1|dm, e)y(1−et)

Pθ2(y = 0|dm)1−y, (12)

Learning in this model is finding parameters θ1 and θ2 such
that the above likelihood function is maximized. According to
Equation (11), we obtain the following Equations:

Pθ1θ2(c = 1, y = 1|dm, e) = Pθ2(y = 1|dm)Pθ1(c = 1|dm, e, y = 1)

Pθ1θ2(c = 0, y = 1|dm, e) = Pθ2(y = 1|dm)(1− Pθ1(c = 1|dm, e, y = 1))

Pθ2(y = 0|dm) = 1− Pθ2(y = 1|dm).

We model both Pθ1(c = 1|dm, e, y = 1) and Pθ2(y = 1|dm)
by logistic functions on a linear combination of features.
Formally, they are parameterized as follows:

Pθ1(c = 1|dm, e, y = 1) = σ(
∑Nf

j=1 βjfj(dm, e)) (13)

Pθ2(y = 1|dm) = σ(
∑Ng

i=1 αigi(dm)) (14)

where Nf and Ng are the number of features for functions Pθ1
and Pθ2 , respectively, and σ(x) = 1

1+exp(−x) is the standard
logistic function. In above equations, αi is the weight of the
ith document feature gi(d) and βj is the weight of the jth

author-document feature fj(d, e). The weight parameters can
be learned by maximizing the conditional log-likelihood of
the data (i.e. equation (12)). Because there is no analytical
solution, we use the BFGS Quasi-Newton for solving it.
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B. Pairwise Learning

According to definition of D1t, it is possible to infer the rank
preference between authors of a given paper in D1t. Suppose
a paper di ∈ D1t with authors A(di) = {a1, a2, ..., ak}.
According to the relevancy of each of these author to the
topic t, we can divide the A(di) into two subsets AR(di) and
ANR(di) such that members of AR(di) are relevant authors to
topic t and ANR(di) are irrelevant ones. Intuitively, it would
be preferred that for topic t, the members of set AR(di) are
ranked higher than the members of set ANR(di). Specifically,
for each pair (e1, e2) ∈ (AR(di), ANR(di)), the following
rank preference can be inferred:

e1 <rank e2.

Following the idea of pairwise learning to rank [30], we can
represent each author ej of paper di using a feature vector
vij . Learning in this pairwise approach is finding a vector −→w
such that the maximum number of rank preference constraints
are satisfied on the given training set. Specifically, for each
satisfied constraint we have:

(e1, e2) ∈ (AR(di), ANR(di))⇔ −→wvi1 > −→wvi2
We used the Rank SVM algorithm [30] to find the optimal

value of −→w .

minimize : V (−→w ,−→ξ ) = 1
2
−→w .−→w + C

∑
ξi,j,k

subject to :
∀di ∈ D1t, (ej , ek) ∈ (AR(di), ANR(di)) :
−→wvij > −→wvik

(15)
where C is a parameter that allows trading-off margin size
against training error, ξi,j,k are slack variables and vij indi-
cates the feature vector representing author ej in paper di.

After finding the optimal vector −→w , we can use −→wvij as
a measure to determine the topic dominance of author ej of
paper di on topic t. Specifically, we consider p(ej |di) ≈ −→wvij
and estimate this probability such that the

∑
e∈A(di)

p(e|di) =
1.

C. Feature Selection

In order to train our discriminative models, we represent
each author e of document d using a feature vector Fed =<
f1(e, d), f2(e, d), ..., f11(e, d) >. Table I indicates the name
and description of these features. As mentioned before, we
categorize the features into three main groups. Structural
features are defined based on the position of an author in the
co-authorship network of the venue (i.e. journal or conference)
in which paper d is published in (i.e. venue(d)). For example,
f1 is the count of co-authors of an expert and f2 is the
PageRank [31] value of an author in venue(d). Moreover,
f3 is the AuthorRank [32] value, which is a modification of
PageRank to measure the authority of authors in venue(d).
f4 and f5 are betweenness centrality measures (computed
on weighted and un-weighted venue(d)) that represents the
extent to which an author lies on the paths between other
authors and can also be interpreted as measuring the influence
an author has over the spread of information through the co-
author network.

Temporal features are also defined for document and expert
pairs, and represent the research longevity of an expert.
Specifically, f6 indicates the number of papers an expert e
published before document d and f7 is the overall research
longevity of expert e. As the last feature group, activity-based
features indicate the diversity and research quality of authors
associated with a document. Specifically, f8 is the number
of different venues that an author is participated in. f9 and
f10 indicate the average and the sum of citation count of
each author respectively. Finally, semantic relatedness feature
[23] (i.e. f11) is the similarity score of the expert candidate’s
profile(i.e. concatenation of his or her previous papers) and
the language model of document d.

Features used for learning of Pθ2(y = 1|dm) should indicate
the quality of paper dm . We assume the quality of each paper
is affected by the research quality of its authors. Therefore,
we use the aggregate values of the features described in Table
I to define document features. For example, features gi1 , gi2
and gi3 are the minimum, maximum and the average value of
features fi for all authors of the document d.

As mentioned before, we used data visualisation methods to
recognize effective features to discriminate relevant and non-
relevant authors for a given topic. Specifically, figures 1,2 and
3 indicate that three groups of features can be beneficial to
recognize relevant authors. It is possible to use more features
in training and also the feature selection techniques [33], [34]
to improve the expertise ranking.

It is worth mentioning that some of features indicated in
table I (i.e. f7, f8, f9 and f10) are only dependent on expert
candidate e and are basically independent of his or her docu-
ments. As mentioned before, the expert-document association
probability p(e|d) provides a ranking of candidates associated
with a given document d, based on their contribution made
to d. This probability is proportional to the prior relevance
probability of candidate e (i.e. p(e|d) ∝ p(e)). Therefore, in
addition to the features that indicate the association strength of
a document-expert pair, utilizing these features that illustrate
expert’s prior relevance probability is also reasonable.

Our proposed model is capable to assign different scores for
different authors of a single documents. Therefore, considering
each document as the relevant evidence, it is able to give
more scores to more relevant candidates. After predicting
the topic dominance probability for each author of the docu-
ment d, we normalize the association probabilities such that∑
e∈A(d) p(e|d) = 1.

VI. EXPERIMENTS

In this section, an extensive set of experiments are designed
to address the following questions of the proposed research:
• How do pointwise (i.e Model A and Model B) and pair-

wise learning models perform compared to each other?
• How do our models perform compared to the ULM and

WLM approaches given in Section III?
• How do our models perform compared to other learning

to rank and topic modeling approaches?
• Whether our proposed model improves expert ranking

independent of the baseline ranking models?
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TABLE I
AUTHOR-DOCUMENT ASSOCIATION FEATURES ORGANIZED IN THREE

GROUPS

Structural f1 count of co-authors in venue of the
associated document

f2 PageRank [31] in venue of the associated
document

f3 AuthorRank [32] in venue of the associated
document

f4 Un-weighted betweenness centrality [35]
in venue of the associated document

f5 weighted betweenness centrality in venue
of the associated document

Temporal f6 Count of papers previously published before
the associated document

f7 Research longevity (year)
Activity-based f8 count of attended venue

f9 average of citation count
f10 sum of citation count
f11 semantic relatedness [23]

• What feature groups are likely more beneficial in terms
of ranking expert candidates? Can integration of all
feature groups into our proposed model improve the
performance?

• How efficient is our proposed model in each topic?
• How does our expert finding model rank top authors

compared to WLM?
In the rest of this section, we first introduce the experimental
setup and evaluation metrics and then propose our experimen-
tal results to answer the above questions.

A. Experimental setup and metrics

In this section, we describe the datasets and evaluation
metrics.

1) Data Collection
We evaluate our models on the real-world DBLP bibliogra-

phy data. Each DBLP record consists of several elements, such
as “author”, “title”, “conference” and “date of publishing”.
Using these records, we could easily extract the co-author
network and the mentioned features in Section IV. The ci-
tation and abstract information of papers were obtained from
the Arnetminer [5] 4. We get totally 1,632,442 papers and
1,033,321 authors in our data collection.

Due to the scarcity of ground truth that can be examined
publicly, the evaluation of expert finding performance in such
a large data collection is very challenging. Furthermore, it is
impractical to obtain expert ratings for all authors. Therefore,
in order to measure the performance of the proposed models,
we use the benchmark dataset proposed by [3]. This dataset
contains 17 queries5 and a list of relevant experts for each
topic that is manually created. It cover both the broad and
specific queries and has been widely used for evaluating
expert finding task on bibliographic network [3], [21], [19].
However, this dataset contains few number of queries. As
a result, we also examine the performance of our proposed
models as well as the ULM and WLM on a syntactic dataset
that is crawled from the Microsoft academic search 6 (i.e.
MAS). We select 87 queries7 including broad (e.g. Databases
and Artificial Intelligence) and specific topics (e.g. Feature

4http://arnetminer.org/lab-datasets/citation/
5this dataset can be accessed from http://www.cs.uiuc.edu/ hb-

deng/data/queryset.txt
6http://academic.research.microsoft.com/
7The list of queries are indicated in appendix section of [12]

Extraction, Genetic Algorithm) in computer science which are
distinct from the queries of [3] dataset. For each query, we
gathered the top 50 experts from Microsoft academic search
as Pseudo relevant experts. 8

To test our proposed models on first data set (i.e. [3]
dataset), for each query, we train our model using half of the
available queries. Specifically, for each query, we sample 8
out of 16 other available topics and train our learning model
using these topics. We repeat the sampling process 10 times
and report the average of the measures. For the second dataset
(i.e. the MAS dataset) , we train our model using all available
topics of [3] dataset, and test its performance for all topics of
MAS dataset.

2) Baseline algorithms for comparison
In order to evaluate the performance of our proposed

models, we compare their result with the ULM and WLM
appraches introduced in Section III. These methods rank
authors without any supervision. Therefore, in order to make
fair comparisons, we also implement the supervised learning to
rank approach introduced in [37]. As another baseline model,
we compare the performance of our proposed models with the
topic based ranking model introduced in [21]. The comparison
of our proposed models and the method proposed in [21] is
rational because they almost used the same type of information
extracted from bibliographic network (i.e. citation count, co-
author relationship and venue information)

3) Evaluation metrics
For the evaluation of task, several common IR metrics

are employed in measuring the performance of our proposed
models in different aspects. These metrics are precision at rank
n (p@n), Mean Average Precision (MAP ), Mean Reciprocal
Rank (MRR), bpref , and R-precision.
p@n measures the fraction of the top n retrieved results that

are relevant experts for the given query which is defined as

p@n =
# relevant experts in top n results

n

. For a single query, Average Precision (i.e. AP ) is defined as
the average of the p@n values for all relevant experts as

AP =

∑N
n=1 p@n ∗ rel(n)

R

where n is the rank, N is the number of expert candidate
retrieved, and rel(n) is a binary function indicating the rele-
vance of a given rank. AP emphasizes returning more relevant
documents earlier, per query, and MAP is the mean value of
the AP s computed for all queries.

The MRR is the average of the reciprocal ranks of results
for a set of queries Q as

MRR =
1

|Q|

|Q|∑
i=1

1

ranki
.

R-precision (R − prec) is defined as the precision at rank
R where R is the number of relevant candidates for the given

8According to [36], Microsoft academic search uses various features to
estimate the relevancy of authors to a given query. Therefore, the top 50
authors of each query can be a good selection to make a Pseudo-test collection.
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query. Besides the measurement of precisions, bpref is a good
score function that evaluates the performance from a different
aspect, i.e., the number of non-relevant retrieved candidates.
It is formulated as

bpref =
1

R

N∑
r=1

(1− # n ranked higher than r
R

)

where r is a relevant candidate and n is a member of the first
R candidates judged non-relevant as retrieved by the system.

B. Experimental Results

To demonstrate how the expertise ranking performance can
be improved by our proposed models, we implemented ULM
and WLM as the baseline ranking models. In this section, we
will answer the research questions mentioned in section VI.

1) Comparison of pointwise and pairwise learning methods
Table II indicates the comparison results of the pointwise

(i.e. Model A and Model B), the pairwise, ULM and WLM
for both datasets. In this experiment, we follow the idea of
WLM to define the prior relevance probability of a document
proportional to the number of its citation, and our proposed
models are trained using all features given in section IV.

It is worth mentioning that the queries in [3] dataset
are more general/braoder, than the queries in MAS dataset.
Therefore, it seems that the expert finding task on [3] dataset
is easier than the MAS dataset. As a result, as indicated in
Table II, the overall performance of expert finding task on [3]
dataset is better than the MAS dataset.

According to table II, pointwise Model A improves all
performance measures for [3] dataset, but slightly reduces the
MRR measure; and it improves all performance measures
for MAS dataset. In contrast, pointwise Model B significantly
improves all performance measures in both datasets. Except
for P@10 on [3] dataset, pairwise learning method has almost
the same performance in comparison with pointwise Model A
on both dataset. Interestingly, pointwise Model B generally has
the best performance for both datasets. As mentioned before,
pointwise Model B uses the training instances from both sets
(i.e. D1t and D2t), but pointwise Model A and pairwise
learning model only uses the training instances from D1t.
Although, pointwise Model A and pairwise learning model can
improve the expert ranking by estimating the topic dominance
of authors, they are somehow biased for instances in D1t.
However, the Model B utilizes all possible evidences to learn
the topic dominance of authors and as a result has the best
performance.

2) The Discriminative Power of Feature Groups
In this section, we compare the discriminative power of each

feature group in recognizing the relevant expert for a given
query. Table III indicates the performance measures of WLM,
pointwise Model B which is trained on each feature group
separately, and the pointwise Model B which is trained by the
all feature groups. According to this experiment, structural,
temporal and activity-based feature groups can improve the
WLM ranking in terms of all evaluation measures in both
datasets. While structural and activity-based feature groups
are more affective than the temporal feature group, they have

TABLE II
COMPARISON OF OUR TWO PROPOSED MODELS. ∗ INDICATES THE

IMPROVEMENT IS STATISTICALLY SIGNIFICANT (ρ < 0.05).

DataSet Method p@10 MAP MRR bPref r-Prec

[3
]

ULM 46.47 31.71 81.88 30.29 35.76

WLM 53.53 38.65 91.88 35.71 41.65

Pairwise 61.18 39.59 90.18 37.88 43.06
improvement (%) 14.29%* 2.43% -1.85% 6.08%* 3.39%

Pointwise Model A 58.24 39.71 88.24 38.00 42.94
improvement (%) 8.80%* 2.74% -3.96% 6.41%* 3.10%

Pointwise Model B 60.00 42.18 94.12 40.71 45.06
improvement (%) 12.09%* 9.13%* 2.44% 14.00%* 8.19%*

M
A

S

ULM 42.99 19.49 71.89 19.83 24.77

WLM 43.56 21.01 75.25 21.28 26.41

Pairwise 50.92 24.86 80.82 25.06 29.80
improvement (%) 16.90 %* 18.32 %* 7.40 % 17.76 %* 12.84 %*

Pointwise Model A 50.80 24.40 82.97 24.60 29.16
improvement (%) 16.62%* 16.14%* 10.26%* 15.60%* 10.41%*

Pointwise Model B 53.45 26.21 83.07 26.47 31.03
improvement (%) 22.70%* 24.75%* 10.39%* 24.39%* 17.49%*

almost the same discriminative power in recognizing relevant
experts. Finally, learning the model by utilizing all of the
feature groups can significantly improves expert ranking over
WLM in terms of all measures for both datasets. Specifically,
we found that the most effective features for recognizing the
topic dominance are f9,f8, f6, f1, f5, and f3, respectively.

Table III indicates the same experiment using pairwise
learning model. Almost the same pattern is visible in this
experiment. Specifically, structural and activity based features
are more discriminative in recognizing relevant experts in
comparison with temporal features.

3) Comparison with baseline expert ranking methods
Table IV reports the results of pointwise learning model B

as well as ULM and WLM in both datasets. In this experi-
ment, we use two methods to determine the prior relevance
probability of documents. In the first method, we use uniform
prior probability for all documents (i.e. similar to the ULM
approach) and in the second method, we use the weight
which is proportional to the citation number of each document
(i.e. similar to WLM approach). As it is clear in Table IV,
the proposed model can improve the corresponding baseline
models independent of the method used for estimating the
document prior probabilities. This observation shows that,
while the WLM approach focuses on the document’s quality
for improving expert ranking, the pointwise learning model
measures the topic dominance of each author of a document
and gives more score to the leading expert candidates in a
document. In other words, this method improves the quality
of expert finding independent of the method used for document
weighting.

We repeat the same experience using pairwise learning
model. Table IV indicates the result. The same pattern is
observable in this experiment. According to this experiment,
the pairwise learning model is able to improve the expert
finding task independent of the document prior probability.

As the final experiment of this section, we compare the per-
formance of pointwise Model B with the supervised learning
model proposed in [37] and the topic based model proposed in
[21]. Table V indicates the results of WLM, pointwise Model
B and the methods proposed in [37] and [21].
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TABLE III
COMPARISON OF POINTWISE Model B AND PAIRWISE LEARNING MODEL WITH WLM FOR EACH FEATURE GROUP. IN THIS EXPERIMENT, w INDICATES

THAT THE PRIOR RELEVANCE PROBABILITY OF A DOCUMENT IS PROPORTIONAL TO ITS NUMBER OF CITATIONS AND all INDICATES THAT ALL FEATURE
GROUPS ARE UTILIZED FOR LEARNING PROPOSED MODELS. ∗ INDICATES THE IMPROVEMENT IS STATISTICALLY SIGNIFICANT (ρ < 0.05).

Method/Measures
[3] MAS Dataset

p@10 MAP MRR bPref p@10 MAP MRR bPref

WLM 53.53 38.65 91.88 35.71 43.56 21.01 75.25 21.28

Pointwise(w-structural) 61.76 41.82 93.12 40.06 53.10 26.07 82.59 26.30
Improvement (%) 15.37%* 8.20%* 1.35% 12.18%* 21.90%* 24.08%* 9.75%* 23.59%*

Pointwise(w-temporal) 54.71 39.24 91.88 36.24 51.03 24.70 83.72 24.94
Improvement (%) 2.20% 1.53% 0.00% 1.48% 17.15%* 17.56%* 11.26%* 17.20%*

Pointwise(w-activity) 60.59 41.82 93.12 40.24 53.56 26.07 83.36 26.33
Improvement (%) 13.19%* 8.20%* 1.35% 12.69%* 22.96%* 24.08%* 10.78%* 23.73%*
Pointwise(w-all) 60.00 42.18 94.12 40.71 53.45 26.21 83.07 26.47

Improvement (%) 12.09%* 9.13%* 2.44% 6.08%* 14.00%* 24.75%* 10.39%* 24.39%*

Pairwise(w-structural) 62.35 39.06 84.29 37.47 50.92 24.86 80.82 25.06
Improvement (%) 16.48%* 1.06% -8.26% 4.93% 16.90%* 18.32%* 7.40% 17.76%*

Pairwise(w-temporal) 58.82 38.24 89.41 34.76 50.46 24.14 81.60 24.39
Improvement (%) 9.88%* -1.06% -2.69% -2.66% 15.84%* 14.90%* 8.44%* 14.61%*

Pairwise(w-activity) 57.65 39.47 89.24 37.65 50.80 25.29 81.90 25.43
Improvement (%) 7.70%* 2.12% -2.87% 5.43% 16.62%* 20.37%* 8.84%* 19.50%*

Pairwise(w-all) 61.18 39.59 90.18 37.88 52.99 25.78 83.84 26.09
Improvement (%) 14.29%* 2.43%* -1.85% 6.08% 21.65%* 22.70%* 11.42%* 22.60%*

TABLE IV
COMPARISON OF POINTWISE LEARNING model B AND PAIRWISE

LEARNING MODEL WITH EACH BASELINE MODEL. IN THIS EXPERIMENT, u
AND w INDICATES THAT THE PRIOR RELEVANCE PROBABILITY OF A

DOCUMENT IS UNIFORM AND PROPORTIONAL TO ITS NUMBER OF
CITATIONS, RESPECTIVELY; all ILLUSTRATES THAT ALL FEATURE GROUPS

ARE UTILIZED FOR LEARNING PROPOSED MODELS. ∗ INDICATES THE
IMPROVEMENT IS STATISTICALLY SIGNIFICANT (ρ < 0.05).

DataSet Method p@10 MAP MRR bPref r-Prec

[3
]

ULM 46.47 31.71 81.88 30.29 35.76

Pointwise (u-all) 53.53 35.88 89.41 34.00 38.00
improvement (%) 15.19%* 13.15%* 9.20%* 12.25%* 6.26%*

WLM 53.53 38.65 91.88 35.71 41.65

Pointwise (w-all) 60.00 42.18 94.12 40.71 45.06
improvement (%) 12.09%* 9.13%* 2.44% 14.00%* 8.19%*

M
A

S

ULM 42.99 19.49 71.89 19.83 24.77

Pointwise (u-all) 51.38 24.83 80 25.47 30.21
improvement (%) 19.52%* 27.40%* 11.28%* 28.44%* 21.96%*

WLM 43.56 21.01 75.25 21.28 26.41

Pointwise (w-all) 53.45 26.21 83.07 26.47 31.03
improvement (%) 22.70%* 24.75%* 10.39%* 24.39%* 17.49%*

[3
]

ULM 46.47 31.71 81.88 30.29 35.76

Pairwise(u-all) 52.35 33.41 92.35 32.00 37.35
improvement (%) 12.65%* 5.36%* 12.79%* 5.65%* 4.45%*

WLM 53.53 38.65 91.88 35.71 41.65

Pairwise(w-all) 61.18 39.59 90.18 37.88 43.06
improvement (%) 14.29%* 2.43% -1.85% 6.08%* 3.39%

M
A

S

ULM 42.99 19.49 71.89 19.83 24.77

Pairwise(u-all) 48.28 23.30 79.46 23.63 28.56
improvement (%) 12.31%* 19.55%* 10.53%* 19.16%* 15.30%*

WLM 43.56 21.01 75.25 21.28 26.41

Pairwise(w-all) 50.92 24.86 80.82 25.06 29.80
improvement (%) 16.90%* 18.32%* 7.40%* 17.76%* 12.84%*

[37] proposed a learning to rank approach for expert finding
problem. The main idea of this work is to find a ranking func-
tion which is trained based on the features that are extracted
from the query-expert training pairs. The main problem of
this learning model is that because of different number of
associated documents of each expert, the range and variance
of these features can be very different for experts and as
a result the model can not easily be generalized to find a
ranking function. According to the result of table V, this
method generally can not improve the ranking against WLM

method. In contrast, our proposed ranking model is based on
the document centric approach [1] which its effectiveness and
efficiency has been proven in many research papers [17]. In
our proposed model, we reduced the expertise ranking problem
for a whole bibliographic network into an expertise ranking
problem for a small group of co-authors of a relevant paper
(normally less than five co-authors). Our approach not only
simplifies the ranking problem by reduction of the scale of the
problem, but also is based on an effective probabilistic ranking
function. As the final point, our proposed learning features
are defined for a (author,query,paper) triple and as a result,
the value of features are independent from the number of
associated paper of an author. Actually, our proposed learning
model tries to improve the ranking of experts by improving the
partial scores assigns to each paper of an expert. Our proposed
models does not change the basic model of expertise ranking
(i.e. WLM and ULM).

The topic based model proposed in [21] has lower perfor-
mance in comparison with pointwise Model B because of two
reasons. First, topic based models are unsupervised methods
and as a result they cannot optimally aggregate various types
of expertise evidences. But more importantly, the topic based
expertise ranking models, suffered from too coarse grained
retrieval units. The ranking model introduced in [21] is based
on the following probabilistic model:

p(e|q) ≈
∑
k

p(Ck)p(q|Ck)p(e|Ck), (16)

where in this equation, Ck indicates a research community
(e.g. a venue), p(Ck) indicates the prior selection probability
(i.e. depends on the size and the reputation of the community)
of the community, p(q|Ck) is the relevance probability of the
community to the given query and finally p(e|Ck) indicates
the posterior selection probability of author e (depends on the
authority of author e in community Ck). Suppose author e
is an expert on “Classification” topic. Due to the too coarse
grained retrieval unit of this method, this author will also
get high score for the “Clustering” topic, because “Classifi-
cation” and “Clustering” are both highly relevant topics to



IEEE TRANSACTIONS ON CYBERNETICS 11

-0.2

-0.15

-0.1

-0.05

0

0.05

0.1

0.15

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17

D
if

fe
re

n
ce

 A
P

query number

Pairwise

Pointwise

Fig. 4. Topic-level differences in average precision for Deng dataset, WLM
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Fig. 5. Topic-level differences in average precision for MAS dataset, WLM
vs. Pointwise Model B.

the Machine Learning research communities. As a result, the
method proposed in [21] uses a hybrid approach to integrate
document centric and topic based retrieval models. However,
the parameter tuning of the hybrid method is usually difficult
and depends on the test collection and also the given queries.
Two main parameters of the topic based model proposed
in [21] are the smoothing parameter λ and the number of
communities (i.e. topics). We follow [21] and set the λ = 0.5.
For the number of communities, we use all venues in DBLP
dataset with more than 5 papers which is equal to 4342 (i.e.
the maximum granularity).

TABLE V
COMPARISON OF POINTWISE MODEL B WITH METHODS PROPOSED IN [37]

AND [21].

Dataset Method p@10 MAP MRR bPref r-Prec

[3
]

WLM 53.53 38.65 91.88 35.71 41.65

[21] 53.53 39.70 92.17 36.68 42.40

[37] 49.23 29.92 83.11 30.91 38.14

Pointwise Model B 60.00 42.18 94.12 40.71 45.06

M
A

S

WLM 43.56 21.01 75.25 21.28 26.41

[21] 43.95 21.58 75.49 21.86 26.88

[37] 41.14 18.09 69.12 19.91 24.45

Pointwise Model B 53.45 26.21 83.07 26.47 31.03

4) Detailed Comparison
Finally, we turn to a topic-level analysis of the comparisons

illustrated in the previous experiments. We plot the differences
in Average Precision between our proposed models (i.e. pair-
wise and pointwise Model B) and WLM (per query) in Figures
4 through 6.

According to Figure 4, it is obvious that pointwise and
pairwise learning models improve the average precision of
WLM for all the queries except query 12 in [3] dataset.
Interestingly, query 12 is “Language Model For Information
Retrieval” which is relatively a new field of research. There-
fore, most of its relevant experts are young researchers that

-0.05

0

0.05

0.1

0.15

1 11 21 31 41 51 61 71 81

D
if

fe
re

n
ce

 A
P

query number

Fig. 6. Topic-level differences in average precision for MAS dataset, WLM
vs. Pairwise model.

are less experienced than other authors. As mentioned before,
our method tends to choose more experienced authors of a
document as relevant experts. As a result, it is rational that
our proposed model cannot improve average precision of query
12, but for all other queries in Deng dataset, our model can
improve the average precision of WLM.

As illustrated in Figures 5 and 6, the same pattern is
observed in MAS dataset. Specifically, our proposed model
improves the average precision for all queries except few
queries (e.g. Web Ontology Language) which are relatively
new field of research.

VII. CONCLUSION AND FUTURE WORK

In this paper, we studied the expertise ranking problem
through learning topic dominance of each author in a sci-
entific publication. We proposed two discriminative learning
models to recognize the leading experts in a research group.
We consider three effective feature groups to discriminate
relevant experts from irrelevant ones. The experimental results
show that our proposed models can significantly improve the
quality of expert finding task on a real dataset and also on
a syntactic one crawled from the Microsoft academic search.
The proposed method in this paper can be used to recognize
leading researchers in research communities, industrial groups,
and also organizations. As a future work, we plan to implement
our method in these environments.

ACKNOWLEDGMENTS

The authors would like to thank the anonymous reviewers
for their helpful comments that help to improve the paper
and also Dr. Azadeh Shakery for her valuable suggestions.
This research was in part supported by a grant from Iranian
Telecommunication Research Center (ITRC), Tehran, Iran.

REFERENCES

[1] K. Balog, L. Azzopardi, and M. de Rijke, “A language modeling
framework for expert finding,” Inf. Process. Manage., vol. 45, no. 1,
pp. 1–19, 2009.

[2] K. Balog, T. Bogers, L. Azzopardi, M. de Rijke, and A. van den Bosch,
“Broad expertise retrieval in sparse data environments,” in Proceedings
of the 30th annual international ACM SIGIR conference on Research
and development in information retrieval, 2007, pp. 551–558.

[3] H. Deng, I. King, and M. R. Lyu, “Formal models for expert finding on
dblp bibliography data,” in Proceedings of the Eighth IEEE International
Conference on Data Mining, 2008, pp. 163–172.



IEEE TRANSACTIONS ON CYBERNETICS 12

[4] M. Karimzadehgan, R. W. White, and M. Richardson, “Enhancing
expert finding using organizational hierarchies,” in Proceedings of the
31th European Conference on IR Research on Advances in Information
Retrieval, 2009, pp. 177–188.

[5] J. Tang, J. Zhang, L. Yao, J. Li, L. Zhang, and Z. Su, “Arnetminer:
extraction and mining of academic social networks,” in Proceedings
of the 14th ACM SIGKDD international conference on Knowledge
discovery and data mining, 2008, pp. 990–998.

[6] M. Neshati, H. Beigy, and D. Hiemistra, “Multi aspect group formation
using facility location analysis,” in Seventeenth Australasian Document
Computing Symposium (ADCS 2012), 2012, pp. 62–71.

[7] M. Neshati, H. Beigy, and D. Hiemstra, “Expert group formation
using facility location analysis,” Information Processing & Management,
vol. 50, no. 2, pp. 361 – 383, 2014.

[8] M. Neshati, E. Asgari, D. Hiemstra, and H. Beigy, “A joint classification
method to integrate scientific and social networks,” in Proceedings of
the 35th European conference on Advances in Information Retrieval,
2013, pp. 122–133.

[9] M. Neshati, D. Hiemstra, E. Asgari, and H. Beigy, “Integration of
scientific and social networks,” World Wide Web, pp. 1–29, 2013.

[10] A. M. Abbas, “Weighted indices for evaluating the quality of research
with multiple authorship,” Scientometrics, vol. 88, no. 1, pp. 107–131,
2011.

[11] C. Sekercioglu, “Quantifying co-author contributions,” Science, vol. 322,
p. 371, 2008.

[12] S. H. Hashemi, M. Neshati, and H. Beigy, “Expertise retrieval in biblio-
graphic network: a topic dominance learning approach,” in Proceedings
of the 22nd ACM international conference on Conference on information
and knowledge management, 2013, pp. 1117–1126.

[13] K. Balog, I. Soboroff, P. Thomas, N. Craswell, A. P. de Vries, and
P. Bailey, “Overview of the TREC 2008 enterprise track,” in Proceedings
of the Seventeenth Text Retrieval Conference. NIST, 2009.

[14] N. Craswell, A. P. de Vries, and I. Soboroff, “Overview of the trec
2005 enterprise track,” in Proceedings of the Thirteenth Text Retrieval
Conference, 2005.

[15] I. Soboroff, A. P. de Vries, and N. Craswell, “Overview of the trec 2006
enterprise track,” in TREC, 2006.

[16] D. Petkova and W. B. Croft, “Proximity-based document representation
for named entity retrieval,” in Proceedings of the sixteenth ACM confer-
ence on information and knowledge management, 2007, pp. 731–740.

[17] K. Balog, Y. Fang, M. de Rijke, P. Serdyukov, and L. Si, “Expertise
retrieval,” Found. Trends Inf. Retr., vol. 6, pp. 127–256, 2012.

[18] Y. Fang, L. Si, and A. P. Mathur, “Discriminative models of integrating
document evidence and document-candidate associations for expert
search,” in Proceedings of the 33rd international ACM SIGIR conference
on Research and development in information retrieval. ACM, 2010,
pp. 683–690.

[19] H. Deng, J. Han, M. R. Lyu, and I. King, “Modeling and exploit-
ing heterogeneous bibliographic networks for expertise ranking,” in
Proceedings of the 12th ACM/IEEE-CS joint conference on Digital
Libraries, 2012, pp. 71–80.

[20] S. Bao, H. Duan, Q. Zhou, M. Xiong, Y. Cao, and Y. Yu, “A probabilistic
model for fine-grained expert search,” in Proceedings of the 46th Annual
Meeting of the Association for Computational Linguistics, 2008, pp.
914–922.

[21] H. Deng, I. King, and M. R. Lyu, “Enhanced models for expertise
retrieval using community-aware strategies.” IEEE Transactions on
Systems, Man, and Cybernetics, Part B, vol. 42, no. 1, pp. 93–106,
2012.

[22] P. Serdyukov and D. Hiemstra, “Modeling documents as mixtures of
persons for expert finding,” in Proceedings of 30th European conference
on Advances in information retrieval, 2008, pp. 309–320.

[23] K. Balog and M. De Rijke, “Associating people and documents,” in
Proceedings of the IR research, 30th European conference on Advances
in information retrieval, 2008, pp. 296–308.

[24] C. Macdonald and I. Ounis, “Learning models for ranking aggregates,”
in Proceedings of the 33rd European conference on Advances in
information retrieval. Springer-Verlag, 2011, pp. 517–529.

[25] J. Tang, R. Jin, and J. Zhang, “A topic modeling approach and its
integration into the random walk framework for academic search,” in
Proceedings of the 2008 Eighth IEEE International Conference on Data
Mining, 2008, pp. 1055–1060.

[26] J. Wang, X. Hu, X. Tu, and T. He, “Author-conference topic-connection
model for academic network search,” in Proceedings of the 21st ACM
International Conference on Information and Knowledge Management,
2012, pp. 2179–2183.

[27] Y. Tu, N. Johri, D. Roth, and J. Hockenmaier, “Citation author topic
model in expert search,” in Proceedings of the 23rd International
Conference on Computational Linguistics, 2010, pp. 1265–1273.

[28] C. Zhai and J. Lafferty, “A study of smoothing methods for language
models applied to information retrieval,” ACM Trans. Inf. Syst., vol. 22,
no. 2, 2004.

[29] T.-Y. Liu, “Learning to rank for information retrieval,” Found. Trends
Inf. Retr., vol. 3, no. 3, pp. 225–331, Mar. 2009.

[30] T. Joachims, “Optimizing search engines using clickthrough data,” in
Proceedings of the eighth ACM SIGKDD international conference on
Knowledge discovery and data mining, 2002, pp. 133–142.

[31] S. Brin and L. Page, “The anatomy of a large-scale hypertextual web
search engine,” in Proceedings of the seventh international conference
on World Wide Web, 1998, pp. 107–117.

[32] X. Liu, J. Bollen, M. L. Nelson, and H. Van de Sompel, “Co-authorship
networks in the digital library research community,” Inf. Process. Man-
age., vol. 41, no. 6, pp. 1462–1480, 2005.

[33] G. Chandrashekar and F. Sahin, “A survey on feature selection methods,”
Computers & Electrical Engineering, vol. 40, no. 1, pp. 16 – 28, 2014.

[34] S. Sadeghi and H. Beigy, “A new ensemble method for feature ranking
in text mining,” International Journal on Artificial Intelligence Tools,
vol. 22, no. 3, 2013.

[35] L. C. Freeman, “A set of measures of centrality based on betweenness,”
Sociometry, vol. 40, no. 1, pp. 35–41, 1977.

[36] MAS, “Microsoft academic search,” accessed: 2013-05-30. [Online].
Available: http://academic.research.microsoft.com/About/Help.htm

[37] C. Moreira, P. Calado, and B. Martins, “Learning to rank for expert
search in digital libraries of academic publications,” in Proceedings of
the 15th Portugese Conference on Progress in Artificial Intelligence,
2011, pp. 431–445.

Mahmood Neshati received the B.S. (2005), M.S.
(2007) and PhD (2014) degrees in computer engi-
neering from the Sharif University of Technology,
Tehran, Iran. He has published several research
papers in Information Retrieval and Semantic web
journals and conferences. His main research interests
include big data analytic, large scale data mining and
information management.

Seyyed Hadi Hashemi received his Master Degree
in Computer Engineering from Sharif University of
Technology, in 2013.
He is currently a PhD student in Computer Science
at the University of Amsterdam. His research inter-
ests include Information Retrieval and Data mining,
and specifically Expertise Retrieval, Entity Search,
Learning to Rank, Recommendation in Social Net-
works, and Search and Exploration of Museum Data.

Hamid Beigy received the B.S. and M.S. degrees in
Computer Engineering from the Shiraz University
in Iran, in 1992 and 1995, respectively. He also
received the Ph.D. degree in Computer Engineering
from the Amirkabir University of Technology in
Iran, in 2004. Currently, he is an Associate Profes-
sor in Department of Computer Engineering at the
Sharif University of Technology, Tehran, Iran. His
research interests include learning systems, high per-
formance computing, and large scale data mining.


