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Abstract: Researchers carrying out research and writing research article requires knowledgeable person in their
topic to assist them in successfully publishing the study. Hence, this study presents a solution to this problem
by recommending suitable co-authors for a particular topic. We identify co-researchers by incorporating
researchers social similarity along with the traditional features like proficiency in a research area, semantic
similarity of research interests and publication details. We have determined the social similarity of the researcher

based on the Twitter social network. We determine the concept, social and difference topic similarity between
the researchers and rank the co-authors using Lambda rank algorithm. We investigated the approach by
carrying out experiments with datasets of academic publications in the area of computer science. The
experimental results illustrates that the combination of social and semantic features provides better
recommended list of co-authors, when compared to baseline approach.
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INTRODUCTION

There 1s a rapid ncrease m the number of researchers
as well as new research topics. A researcher working on
a research problem may not be an expert in all the topics
assoclated with the problem. Henceforth, a researcher can
commumcate and work collaboratively with similar
researchers to achieve mutual research benefits and
eventually publish the article with similar researchers as
the co-authors. This leads to the situation where a
researcher search for suitable co-authors with similar
research interests to accomplish the research and publish
a research study. Tt has been observed that the
mformation about the researchers is available in multiple
sources such as research publications, academic
homepages and social networking sites. As there 15 a
huge volume of information available, finding a suitable
researcher partners 1s a challenging task. Therefore, co-
author recommendation has gamed mmportance which
aims to determine similar co-researchers on a research
topic and recommend them. In the existing approaches to
co-author recommendation, either semantic or social
similarity between researchers is considered These two
dimensions of similarity are rarely mtegrated. In this
study, we use a combination of semantic and social
similarity between researcher profiles to identify relevant
similar researchers. Profile of a researcher 1s a list of
knowledge areas in which he/she has a higher level of
expertise. To construct the profile, expert knowledge areas
identified from publication corpus using generative

language model and research interests extracted from
academic homepages have been used. The conceptual
similarity between the researchers profiles are computed
using DB pedia ontelogy where as the social relatedness
is identified based on citation graph and conversations in
Twitter on a research topic. Given a research topic and a
researcher, an aggregated siumilarity score of concept
similarity, social similarity and difference topic similarity
between a researcher seeking a co-author and the other
researcher 13 computed and ranked using the Lambda rank
algorithm.

Literature review: Related entity finding is a task of
finding entities similar to an entity given as input (Fang
and 51, 201 5). An instance of ‘similar entity search’ for the
academic domair, considering researchers as entities have
been addressed (Balog and Rijke, 2007). The approach
develops models for computing similarities between
researchers based on expert profiles. The expert profiles
are built from their academic publications and homepages.
Expert profiles are the description of the areas in which a
researcher has a higher level of expertise. The manual way
of extraction of the profile information of experts is
difficult and time consuming. Sujatha describes two
models for extracting expert profiles; the first uses
information retrieval techniques to obtain a set of relevant
documents for a given knowledge area and aggregates the
relevance of those documents that are associated with the
given person. The second model represents both
candidates and knowledge areas as a set of keywords and
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the skills of an individual are estimated based on the
overlap between these sets. Fazel and Fox (2011) presents
a technique for generating evolving expert profiles of
individuals. The profile is composed of the skills and
competencies collected using heterogeneous data from
diverse sources of information. Self- declarations,
completed learning activities and previous research
experience are used to generate the initial profile.
Gollapall et al (2011) shows a method to apply
information extraction methodologies and extract
structured data from the web. This structured data is
further used to build the profile of a researcher.

Similarity between researchers can be found using
semantic relatedness or social relatonship among them.
Sujatha finds similarities between researchers based on
their profiles. It uses OKAPI BM25, KL divergence and
probabilistic modeling to compute the conceptual
similarities between experts. Researcher social network
extraction aims at finding, extracting and fusing the
'semantic' based profiling information of a researcher from
the Web. Previously, social network extraction was often
undertaken separately in an ad-hoc fashion. Tang et al.
(2008) gives a formal solution to the entire problem.
Specifically, it identifies the relevant documents from the
Web by a classifier. Tt then proposes a unified approach
to perform the researcher profiling using Conditional
Random Fields (CRF).

Identifying collaborators for a research topic 1s
another instance of 'similar entity search’. As there is huge
information available on the Web about the researchers
and their research activities, it has led to mformation
overload. need for personalized
recommendations of the researchers they can potentially
collaborate with for mutual research benefits. L1 ef af.
(2003) investigates this recommendation problem from two
mndependent dimensions. They are the social relations
between the researchers and the common expertise
between them. The social relation is built based on the
email communication and common expertise 1s identified
based on the conceptual similarity between them. Xu
proposes a novel researcher recommendation approach
which combines the two dimensions. It builds the
common expertise based on the conceptual similarity
computed using WordNet as ontology. The social relation
is built based on the co-author graph and e-mail
communication between the researchers. Tt improves the

There 13 a

effectiveness of researcher recommendation by combiming
the two dimensions of common expertise and social
relation. Heclk et al (2011) has used bibliographic
coupling and co-citation similarity to determine researcher
sinilarity and recommend authors. Nykl et af. (2014) used
citation network to rank the authors by eliminating the self
citations and distributing proportional parts of publication

values to the authors. The authors aimed to discover team
leaders in research teams by recommending ranked list of
authors. An approach has been introduced for suggesting
potential collaborators for selving mnovation challenges
online, based on their competence, similarity of interests
and social proximity with the user (Stankovic et al., 2012).
The approach uses Linked Data to derive a measure of
semantic relatedness. It 1s also used to enrich both user
profiles and innovation problems with additional relevant
topics, thereby improving the performance of
recommendation.

There are various methods to find semantic smmilarity
between concepts. Thiagarajan focuses on computing the
similarity between very short texts of sentence length. It
presents an algorithm that takes account of semantic
information and word order information implied in the
sentences. The semantic similarity of two sentences is
calculated using information from a structured lexical
database and from corpus statistics. The use of a lexical
database enables to model human common sense
knowledge and the incorporation of corpus statistics
allows this method to be adaptable to different domains.
Xu computes the semantic similarity of concepts using
WordNet, a well-developed lexical network for English
words. The basic 1dea 1s that the more information two
concepts share m common, the more similar they are. A
combination of node-based approach of information
edge based approach of
edge counting scheme is presented to compute the
similarity.

Social relation between researchers is computed in
various ways. Li ez al. (2003) identifies the social network
of researcher based on the co-author graph information.
It is based on the assumption that more the munber of
times the authors co-author on a research topic, they are

content calculation and

more likely to be close m the researcher network. Xu
represents link between researchers based on some kind
of social relationships such as e-mail commumication,
taking part in a project, collaborate with a study, etc. In
the existing approaches to expert recommendation, the
similarity between researchers 15 found either based on
semantic relationship or based on the social relationship.
But these two are rarely combined to identify similarity
between researchers. Also, the social relationship among
researchers is based on email communication and
bibliographic networks. The most common social
networking sites like Twitter or Face book have not been
used. Moreover, the ontology (WordNet) used to
compute semantic similarity 18 not domam specific.
Therefore in this research, a co-author
recommendation system which integrates semantic and
social sumilarity is introduced. The semantic relatedness

novel

3764



Asian J. Inform. Technol., 15 (19): 3763-3769, 2016

between concepts is computed using DBpedia a computer
sclence doman specific ontelogy. The social relationship
between researchers is obtamned from Twitter social
network. Based on the semantic and social relatedness, an
aggregated score 1s computed and the researchers are
ranked as suitable co-authors using the Lambda rank
algorithm.

MATERIALS AND METHODS

A researcher (seed researcher) performing a research
activity requires research partners to find solution to their
research problem. Co-authors are identified based on their
expertise 1 a research area, similarity of research mterests
and social proximity with other researchers. Figure 1
shows the architecture of the co-author recommendation
system. The system uses three profiles namely concept
profile, social profile and difference topic profile of the
seed researchers to recommend the suitable co-authors.
The entire procedure involved in the co-researchers
recommendation system 1s shown m Algorithm 1. The
subsequent sections describes in detail about the steps
involved in the system.

Conceptual profiling: Generally, the profile of the
researchers describes the research interests of the
researcher and his expertise level. The researchers profile
is available in the home page of the researcher. Hence, we
extracted the research mterest of the seed researcher from
their respective homepages using conditional random
field (Tang et al., 2008). based on the extracted research
interest of the researcher, concepts are extracted using
Alchemy API. Moreover the researchers’ participation in
the social network is also substantially increasing. The
researchers communicate academic related information
with other researchers. Hence, apart from using the
academic profile information available in homepages, the
academic discussions carried out using social network 1s
also considered for building conceptual profile of the
researchers. In this research, we consider the Twitter
social network. From Twitter, we 1dentified the academic
tweets of the researchers (Manju and Geetha, 2013) and
extracted academic concepts from them using the
Alchemy API. Further, a concept profile of the seed
researcher 13 created by combining the academic profile
based concepts and social network based concepts. The
created concept profile is represented as a Concept Profile
vector (CP).

Social profiling: In a researcher homepage, publication
details of the researchers are available. The co-authors in
each publication of the researcher possess social bonding

with the researcher. Hence, the co-authors are retrieved
for a seed researcher from his homepage using
Conditional Random Field (Tang et al., 2008). Sunilarly,
the followers of the seed researcher are extracted from the
Twitter social networl. Further, the social profile of the
seed researcher is created as a combination of the
academic partners (co-authors) and social network
followers and represented as a Social Profile vector (SP).

Difference concept profiling: A research working on a
research problem is associated with a concept. A concept
vector is created for the research problem. The difference
between the concept profile vector of the researcher and
the concept profile vector of the research problem 1s
determined and created as a difference concept profile.

The profile 1s represented as a difference concept vector
(DP).

Candidate researcher profiling: The researchers n the
Social Profile (SP) of each seed researcher are considered
as candidate researchers. The concept profile, the Social
profile and difference concept profile of the candidate
researchers are created.

Profile similarity computation: Our research aims to
recommend researchers (co-authors) for a given research
problem of the seed researcher. Hence we used three
similarity measures namely semantic concept similarity,
social similarity and difference topic similarity.

Semantic similarity of concepts: This similarity measure
(SC) represents the semantic similarity between concept
profiles of the seed researcher and candidate
researchers. The semantic similarity computation 1s
carried out based on the domain ontology, DBpedia. The
similarity measure proposed by Tang is used for
determining the similarity.

Social similarity: Social Similarity (SS) represents the
represents the similarity between the social profile of the
seed researcher and candidate researchers. The smmilarity
computation is carried out using the Cosine similarity
measure.

Difference concept similarity: This similarity measure
(DC) is concerned with the difference between the
concept profile of the seed researcher and the candidate
researchers.

Score aggregation and ranking model: The different
similarity scores computed between the seed researcher
and candidate researchers are aggregated by computing
the product of the similarity scores as shown in Eq. 1:
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Aggregated score = SCx S8 DT (1) Twitter social network. The results show that combining

Further the aggregated score is ranked using the
Lambda rank algorithm (Kavitha et af, 2014). Ths
algorithm is basically a learning to rank algorithm that
produces a ranking function as output based on the
trained input. During the training stage, Lambda values
are calculated between the seed researcher and each of its
candidate researchers using the following equation:

1

1

A=N(

1+es1-sj

NN

1 (2)

log(1+) log{1+)

where, S, 1s the score of the researcher (co-author) ranked
at position I and S is the score of the researcher
(co-researcher) ranked at position j. The researcher’s (co-
author) score 1s incremented or decremented by 4 where
the more relevant researcher (co-author) gets the positive
increment. During testing, the learned ranking function is
applied to determine the rank of a researcher (co-author)
for a new research problem.

RESULTS AND DISCUSSION

Evaluation: The evaluation of the recommendation
process 18 done by conducting experiments with computer
science academic publications and academic tweets from

semantic and social similarity between researchers
provide better recommendations in identifying reviewers
of a study and collaborators for a research problem. The
following measures are used to measure the performance
of the recommendation systerm.

Algorithm 1: Recommend Co-researchers:
Input: Profile of a research problem, a researcher (seed user), his tweets and
contacts in Twitter
Output: List of Co-authors
Build Concept profile of the researchers
CPiresearcher) = {(Cl,wl),....(Cn ,wn )}
Build Social profile of the researchers
SP(researcher) = {userl,...,usern}
Identify difference topics
Tdentify candidate co-authors
Form Concept profile vector and Social Profile Vector of the seed user
and candidate co-authors
Calculate similarity measure
Sernantic sirnilarity of concepts (SC)
Social similarity (SS)
Difference concept similarity(DC)
Aggregated_Score =8C*SS*DC
Rank by similarity measure using
Lambda rank

Precison, recall and F1 score: In classification tasks, the
termstrue positives true negatives, false positives
andfalse negativescompare the results of the classifier
under test with trusted external judgments. The
termspositive and negative refer to the classifier’s

3766



Asian J. Inform. Technol., 15 (19): 3763-3769, 2016

prediction (sometimes known as theexpectation ) and the
termstrue andfalse refer to whether that prediction
corresponds to the external judgment (sometimes known
as theobservation). Precision and recall are defined as

follows:
Precision = P 3
tp+fp
Recall = tp 4
tp+fin

A measure that combines precision and recall 15 the
harmonic meanof precision and recall, the traditional
F-measure or balanced F-score is defined as:

Fscore = 2 x Preci.si.onx Recall (5)
Precision+Recall

Precision@k and Mean Average Precision (MAP):
Precison@k (P@k) computes the fraction of relevant
experts retrieved in the top k position. It 1s used when a
user wishes only to look at the first k retrieved domain
experts and is defined as follows:

pak = ") (6)
k

where, r(k) 1s the number of relevant authors retrieved m

the top k positions. Mean Average Precision for a set of

queries 1s the mean of the average precision scores for

each query. It is defined as follows:

Q
;Ave P(Q) %)
MAP=""
Q

Conditional random field tagging model: The academic
research interests of the computer science researchers are
extracted from ther Google scholar page using
Conditional Random Fields (CRF) tagging model. In order
to evaluate the accuracy of the tagging process, model
was tramed with Google scholar pages of 1000
researchers. Five different labels are assigned to various
sequences of texts in the homepage. Label ‘0° 1s used to
the researcher name, label ‘1’ 15 used to mark the
qualification, label *2” to mark the university affiliation,
label ‘3" 1is assigned for research interests, label 4
represents the citation index . The trained tagging model
1s used to test and retrieve the research mterests of newly

Accuracy (%)

Fig. 2: Accuracy of CRF Tagging

entered researcher homepages. The accuracy of the
trained CRF model is measured using Precision, Recall and
F-Score. Figure 2 shows the precision, recall and F-score
values for the various labels tagged by the CRF tagged
model. It 1s evident that the CRF tagging model tags the
different sequence of texts from academic homepages with
a higher accuracy. Particularly, the label 3 which is the
research mterests tag 1s marked with an accuracy of over
92%.

Semantic similarity (wordnet vs dbpedia): The specific
domam ontology defines the set of basic concepts
comprising the vocabulary of the domain area and the
relationships that exists behind these concepts. Other
than using WordNet to capture the semantic relationships
of researchers” expertise in the forms of words or phrases,
the specific domain ontology (DBPedia) enables us to
capture the domain knowledge of a specific area. An
experiment is conducted to compare the similarity values
found using WordNet and DBPedia. The WordNet
similarity is calculated according to the method proposed
by Lesk . It 1s based on the idea that the relatedness of
two words is proportional to the extent of overlaps of their
dictionary definitions. The sinilarity between concepts 1s
calculated using DBPedia ontology as follows: A subset
of DBpedia nodes representing a context of interest are
identified. The nodes that are related by the relation
determs:subject and skos:broader to the source node are
collected. Wikipedia hyper textual links mapped in
DBpedia by the property dbpedia-owl: wikiPageWikil.ink
is found and checked if the rdfs:label of given concept is
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Table 1: Semantic 8imilarity (Wordnet vs Dbpedia)

Table 2: Precision values for 4 different cross domains

Concept pair WordNet similarity  DBPedia similarity Sub-domains _ Similarity Ps P10 P20 MAP
'Zend Engine', 'Zend Framework '7.60 18.0966 Data Concept 0.3471  0.2500 0.2176 0.2715
'"PHP, Delphi_for PHP' 4.23 9.2910 mining concept+social 04471  0.2735 0.2255 0.3153
PHP, 'TUnit' 1.83 5.0915 Computer Concept 03059 0.2020 0.1629 0.2236
'QPHP_Framework', PHP' 3.67 6.5843 Networks concept+social 0.3529  (0.2235 0.1528 0.2430
'Simple XML, PHP' 4.51 6.1691 Computer Concept 03412  0.2371 0.1794 0.2525

Networks concept+social 0.3882  0.1980 0.1824 0.2562
contained within the dbpedia-owl:abstract of related Visualization S;I: ccee]iis ocial g:iéig g: ;??é 8: 1 ;gi g: izz?

concepts. Table 1 shows a comparison of the semantic
similarity values computed using WordNet and

DBPedia.

Co-author recommendation using different set of
extracted  from
Armetminer.org,an academic search system which
contains 1,436,990 authors andl,932,442 publications. We
considered the following five sub-domains test cases data

similarities: The data set 1s

mining, theory, computer tetworls, visualization, database
We used the recommendations by Ametminer as ground
truth and evaluated the effectiveness of using the
different set of features in terms of P@k and MAP. The
results are shown m the Table 2. The results show that
the combined social and semantic similarity produce
better accuracy compared to individual level of similarities
and identifies better co-authors for a research problem.

Lambda rank: We evaluated the performance of Lambda
rank algorithm in recommending co-authors for a research
problem using NDCG measure. This measure 1s used to
assess the relevance level of researchers based on their
position in the rank list produced by the system for some
topic. It works on the assumption that highly relevant
researchers are more significant than marginally relevant
ones. It 1s given by the following equation

o 21’&11_1
NDCG, =2 Y ——— (&)
= log(1+1)
Where
7, = Thenormalization constant
P = The truncation level (for example, if we want to

retrieve only the top 6 authors of returned results,
we consider p = 5)
rel; = The label of the ith positioned researcher

The experiment, we considered truncation level as 5
and evaluated the performance of Lambda rank. Figure
3 shows the NDCG results obtained before and after
applying the Lambda rank. The number of items to rank

1

0.8

0.6 -

0.4 4

0.2 I
0 - :

5 10 15 20 25

Truncation Levels (T)

NDCG@T

Fig. 3: Comparison of NDCG values before and after A
rank

after applying the learning to rank method. An optimized
ranking of the researchers is obtained using the different
é values leamt using the ranking finction The ranked
results illustrate that, learning to rank method produces
better ranking results.

CONCLUSION

In this research, we developed a system to
recommend suitable co-authors for a research problem.
We used the Concept profiles, Social profiles and
Difference topic profiles to recommend co-authors. The
concept profile has been created in a novel way by
combining the academic researcher profile concepts and
Academic Tweet concepts of the researcher. Similarly, the
social profile 1s based on both the academic and social
network followers. Further, the similarity between the
profiles has been computed. In specific, we have
determined semantically the concept profile similarity
between researchers

using the domam ontology,
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DBpedia. The three similarity scores are aggregated and
ranked using the Lambda rank algorithm. The proposed
techniques are evaluated on two publicly-available
datasets ACL corpus and Arnetminer. Lambda rank
produced better ranked results of co-authors. The system
can be extended by considering other researcher profile
features like the impact of publication venue, researcher
affiliation and designation. Furthermore, the system can
be enhanced to handle the incremental updates of the
researcher profiles and recommend the co-authors based
on the updated profile. In addition, other than the
academic tweets of the individual researcher even the
academic groups in Twitter can be used as a source for
computing the social relatedness of researchers.
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