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Abstract Scientific literature recommender systems (SLRSs) provide papers to researchers
according to their scientific interests. Systems rely on inter-researcher similarity measures
that are usually computed according to publication contents (i.e., by extracting paper topics
and citations). We highlight two major issues related to this design. The required full-text
access and processing are expensive and hardly feasible. Moreover, clues about meetings,
encounters, and informal exchanges between researchers (which are related to a social dimension) were not exploited to date. In order to tackle these issues, we propose an original
SLRS based on a threefold contribution. First, we argue the case for defining inter-researcher
similarity measures building on publicly available metadata. Second, we define topical and
social measures that we combine together to issue socio-topical recommendations. Third,
we conduct an evaluation with 71 volunteer researchers to check researchers’ perception
against socio-topical similarities. Experimental results show a significant 11.21% accuracy
improvement of socio-topical recommendations compared to baseline topical recommendations.
Keywords Similarity among Researchers · Topical Clues · Social Clues · Literature
Review · Recommendation · Experiment · Human Perception · Measurement

1 Introduction
Researchers continually investigate the scientific literature about their field, as well as frontiers with related domains. This complex, steady, and thorough activity enables them to constitute and then incrementally update their knowledge of state-of-the-art contributions. This
is usually achieved by reading journal issues and conference proceedings, as well as chatting with other researchers at work or during conferences. Alternatively, researchers may
benefit from modern computer capabilities offered in a scientific literature recommender
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system (SLRS). Such systems allow the retrieval of experts and articles for a given scientific subject. They also support the retrieval of the researchers most matching the user’s
research interests. Designers of SLRSs have been conceiving rich models for representing
researchers; these are instantiated by downloading and processing publication contents (i.e.,
full-text documents), by extracting citations, by asking researchers to rate the papers they
read, and so on. Finally, inter-researcher similarity measures are calculated on these data to
identify the scientists sharing most interests with the user of the SLRS.
Although mature and appealing in theory, such SLRSs relying on rich models fail to get
implemented in publicly available services for one major reason. They rely on expensive
data (requiring costly subscriptions to several publishers such as Elsevier, Springer, or Wiley) that are tough processing (especially regarding the downloading and parsing of loosely
structured documents based on various templates). As a result, to the best of our knowledge, there is no publicly available service issuing scientific recommendations in reply to
researchers’ needs concerning literature review.1 However, it would be of great help to researchers if they could automatically get reading recommendations according to their own
research activity.
Apart from ultimately offering access to (fee-paying) publications, all scientific literature digital libraries2 freely release publication metadata—forming their library catalog.
Publicly available metadata associated with any publication are generally comprised of author names, title, publication year, venue (conference of journal name), keywords, and abstract (i.e., a 150–300 words summary). In this paper, we intend to harness this publicly
available metadata by modeling researchers and defining inter-researcher similarity measures. Besides considering a common topical dimension by analyzing publication titles, we
define an original social dimension allowing the modeling of researchers’ time-evolving social environment. Despite the poor amount of information used (compare metadata versus
full-text), we claim and demonstrate that it is sufficient to issue socio-topical recommendations that are accurate and useful according to researchers themselves.
This paper is organized as follows. In Section 2, the computer-aided literature review
activity that researchers steadily conduct is introduced. We also point out the associated current issues. Our twofold contribution is presented in Section 3. We propose 1) to harness
publicly available metadata from which 2) original social clues about researchers’ environment are extracted. These are considered as additional evidence to topical clues for measuring the similarity between researchers in order to issue recommendations. In Section 4,
we define an evaluation protocol for measuring the accuracy of recommendations according
to researchers’ perception. It allows us to assess the effectiveness of topical recommendations, and then to check topical recommendations against socio-topical recommendations.
The difference between these two approaches represents the degree of improvement provided by integrating social clues into the recommendation system. Then, we describe the
experiment that we conducted with 71 volunteer independent researchers. We report analyses of the accuracy of socio-topical recommendations that we propose in this paper. Finally,
we conclude the paper and give insights into future work in Section 5.
1 It may be argued that Google Scholar (http://scholar.google.com) and derivatives, such as ArnetMiner (Tang et al 2008) (http://arnetminer.org) meet this need. These search engines surely are helpful
for finding document related to a query (e.g., bibliometrics). However, they do not succeed in taking a researcher’s name as input for recommending him/her papers or other researcher names that would be relevant
for his/her overall scientific activity (as we intend to do in this paper).
2 Subject to charges like the ACM Portal (http://portal.acm.org) and SpringerLink (http://
springerlink.com) or free like CiteSeerX (http://citeseerx.ist.psu.edu), DBLP (http://www.
informatik.uni-trier.de/~ley/db) or arXiv (http://arxiv.org).
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2 Computer-aided literature review with SLRSs
We are interested in the literature review activity, as commonly achieved by any researcher.
This demanding task is nevertheless mandatory for researchers who author papers or serve as
reviewers for conferences or journals. The thorough knowledge of their field allows them to
tackle current, unsolved issues, to underline the original contributions of their own research,
and to track down ideas already published. We highlight below three issues related to usual
literature review.
1. Researchers must identify the appropriate (digital) libraries allowing them to access
interesting publication contents (either published in conference proceedings or journals).
These repositories may be non-specialized like Google Scholar, or domain-specific like
PubMed Central3 for biomedical literature or DBLP (Ley 2002) for Computer Science.
2. In the current ‘publish or perish’ atmosphere, researchers are pressured to publish more
and quickly (Garfield 1996). This global production increase is reported by several studies (e.g., Elmacioglu and Lee 2005). As a result, researchers conducting literature review
must seek relevant publications in an ever growing number of venues (both conference
proceedings and journals), which makes this task increasingly time consuming and tedious.
3. Researchers expect to effectively browse digital libraries, which requires training and
specific skills for using the various tools and platforms giving access to publications.
Complementary approaches tackle these issues for improving researchers’ experience
with scientific literature digital libraries. We organized them into the four following categories.
– Approaches in the first category aim to rank most prominent, influential, prestigious
researchers of scientific fields (Hirsch 2005, 2010; Mimno and McCallum 2007; Tang
et al 2008; Yan and Ding 2009; Yang et al 2010).
– Approaches in the second ‘pull’ category provide researchers with a search engine for
retrieving papers matching a given query (Zhou et al 2007; Tang et al 2008; Ben Jabeur
et al 2010).
– Approaches in the third ‘push’ category issue reading recommendations with SLRSs
(as explained in greater detail afterwards) or classify incoming messages (e.g., call for
papers) and documents (Hurtado Martín et al 2009; Tsatsaronis et al 2009).
– Approaches in the fourth category allow the visualization of research fields according to
the related subjects (Glenisson et al 2005a,b).
These references constitute by no means an exhaustive survey but they give some indication of the many research directions currently undertaken for scientific literature digital
libraries. In Section 2.1, we focus on the subject of this paper (SLRSs), as represented in the
second ‘pull’ category. We study SLRSs alleviating researchers from part of the literature
review task by recommending them researcher names who are relevant to their interests.
Then, we highlight in Section 2.2 some major issues that we intend to address in this paper.
2.1 Scientific literature recommender systems
Recommender systems have been applied to many items (Resnick and Varian 1997), such
as products, music, movies, and people. They rely on three key techniques (Montaner et al
3 http://www.ncbi.nlm.nih.gov/pubmed
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2003; Adomavicius and Tuzhilin 2005), namely collaborative filtering, content-based filtering, and hybrid filtering. In the next sections, we present how these approaches have been
applied for recommending scientific resources in order to foster knowledge transfer among
research communities. The interested reader may refer to (McNee et al 2006) for greater
technical details.
2.1.1 Collaborative filtering
SLRSs based on collaborative filtering (Goldberg et al 1992; Herlocker et al 2004) compute
recommendations according to judgments (e.g., marks, ratings, votes) that researchers attach to various resources. Alternatively, relevance judgments may be inferred by extracting
references from publication contents (e.g., Powley and Dale 2007), where any citation from
a paper p1 to another paper p2 is considered as a supporting vote given by the authors of p1 .
Note, however, that textual contents are not further analyzed.
The ultimate aim of a collaborative filtering SLRS is to exploit patterns of interest identified among a research community for issuing recommendations. In a practical way, two
researchers r1 and r2 sharing the same interests (i.e., liking a same set of papers and disliking another one) are first matched. Recommendations are then issued accordingly: r1
will be offered the resources that r2 liked (provided that r1 has not encountered them yet)
and vice versa. Several SLRSs based on collaborative filtering were implemented; they recommend scientific resources according to extracted citations (McNee et al 2002; Gori and
Pucci 2006), laboratory coworkers’ browsing activity (Agarwal et al 2005), researchers’
opinions (Cazella and Campos Alvares 2005), or social bookmarks attached to publications (Bogers and van den Bosch 2008).
2.1.2 Content-based filtering
SLRSs relying on content-based filtering (Belkin and Croft 1992) compute recommendations according to publication contents (i.e., full-text). This implies the implementation of
an indexing process (Manning et al 2008, chap. 2), which is a core Information Retrieval
(IR) process. Any given publication is generally processed as follows. First, full-text is tokenized into terms. Second, meaningless terms (e.g., ‘a’, ‘of’) are dismissed. Third, terms
are normalized by truncation or stemming (e.g., ‘computers’ and ‘computing’ are stemmed
as ‘comput’). Fourth, remaining terms are weighted according to their frequency in the text,
as well as according to their rarity in the collection of publications.
Then a matching function is defined to compute the similarity between two given publications. It depends on the underlying IR model, the most common matching function being cosine for the Vector Space Model (Salton et al 1975). Inter-document matching functions may be generalized to inter-researcher functions by modeling a researcher as a megadocument (Klas and Fuhr 2000) concatenating all his/her publication contents.
2.1.3 Hybrid filtering
SLRSs based on hybrid filtering (Balabanović and Shoham 1997) compute recommendations by allying collaborative filtering and content-based filtering. They thus consider researchers’ judgments and publication contents at the same time. For instance, this approach
is implemented in the COBRAS system (Karoui et al 2006) harnessing researchers’ judgments, as well as their BibTEX (Mittelbach and Goossens 2005, chap. 13) bibliographic
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entries (paper title, keywords, and so on). Several other SLRSs based on hybrid filtering
were implemented (see Naak et al 2009; Porcel et al 2009).

2.2 Issues of current recommendation approaches
Collaborative filtering and content-based filtering techniques for SLRSs have several limitations that we discuss in the following sections.
2.2.1 Issues of collaborative filtering
Data availability. Collaborative filtering relies on private data (e.g., ratings, bookmarks, annotations) that are sparse and difficult to acquire since they are stored in various formats
on heterogeneous platforms. Moreover, citation extraction from full-text (when available) may perform with a variable error rate.
Data quality. Many approaches use citation graphs for computing papers and researchers’
reputation or ‘prestige’ (Hirsch 2005, 2010; Mimno and McCallum 2007; Yan and Ding
2009; Ben Jabeur et al 2010; Yang et al 2010). It is generally accepted that the more a
paper is referred to, the more interesting it is. A citation is viewed as a vote given from
the papers’ authors to the referred paper (and its authors) without further analysis of:
– Citation location. The degree of relatedness of a citation to the author’s work varies
according to the location of the citation in his/her paper. A citation in the ‘Introduction’ section compared to a citation in the ‘Contribution’ section are neither equally
general/specific nor equally related to the author’s work.
– Citation polarity. Researchers use negative (positive) citations to criticize (praise)
existing works. Obviously, negative citations should not count the same way as positive citations do.
– Citation target and ethics. Researchers use self-citations to refer to previous works;
these should not benefit to the authors’ incoming citation count. Moreover, some
researchers may add ‘deference’ citations to advertise some acquaintances’ works,
even if not directly related to the subject of their paper. Such a phenomenon is dishonest, since it unfairly contributes to the increase of indicators such as researchers’
h-index (Hirsch 2005, 2010) and journal Impact Factors (Garfield 1955, 2006).
Although conveying different authorial intentions, current recommender systems do process citations with no analysis of polarity and target.
Cold start. Junior researchers cannot get recommendations since there are no citations to
extract from their (not existing yet) papers. As a workaround, they may query the SLRS
with their advisor’s or mentor’s identity.
Nepotism. Recommending papers according to incoming citations makes the most cited
papers attract even more citations, which is a vicious cycle. On the contrary, it may be
worth focusing on lesser known works, as they may be contributing innovative ideas to
the field. Currently, this kind of works remains in the shadow of the bright much cited
and then much recommended papers.
Summing up collaborative filtering limitations, proposed prestige-based approaches neither foster the emergence of new researchers to the field nor they support new ideas, as there
is a tendency to favor already highly visible ideas from famous scientists instead of topically
related contributions from less famous researchers.
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2.2.2 Issues of content-based filtering
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Although such rich and detailed modeling capabilities seem appealing in theory they
are pitfalls in practice, mostly because the data involved are hardly available. Bookmarks,
annotations, and social networking data are private indeed. Regarding full-text papers, researchers generally have to transfer their copyright to publishers (e.g., ACM, Springer, Wiley). Most publishers then grant their subscribers access to papers provided that they pay a
membership fee or pay-per-use fee (Zamparelli 1998). This economic model is a hindrance
to content-based SLRSs. First, the user must have subscribed to all the publishers in his
domain (and afford to be charged for it). Second, the system must connect to publishers’
digital libraries, download papers, and process them (dealing with multiple paper templates
and reference styles). This expensive and technically difficult approach is hardly feasible.
We intend to tackle these data-related constraints by avoiding access (and payment) to
papers full-text. Our contribution is a SLRS building on free and publicly available data,
as the input of hybrid filtering inter-researcher similarity measures. These only process the
metadata associated with any publication: title, authors, year, and venue name. Note that
abstract and full-text are dismissed. This design makes paper recommendation barely impossible because the only title is poorly representative of a whole paper. Nevertheless, we
believe that aggregating all the titles of papers written by a researcher is an accurate representation of the researcher’s scientific interests. Consequently, instead of recommending
papers to the user as currently done by most SLRSs (McNee et al 2002, 2006; Agarwal et al
2005; Cazella and Campos Alvares 2005; Gori and Pucci 2006; Karoui et al 2006; Bogers
and van den Bosch 2008; Naak et al 2009; Porcel et al 2009), we propose to recommend researchers’ names and then allow the user to retrieve their publications. Our proposed SLRS
recommends a list of researchers related to any given researcher r (the user of the system),
according to the following two requirements.
R1. The recommended researchers and r shall share long-term interests (i.e., they shall have
been working on similar or identical subjects). A researcher is all the more relevant as
he/she wrote many papers matching r’s interests.
R2. The recommended researchers shall be accessible. We favor researchers to whom r may
be introduced thanks to acquaintances (e.g., during a conference gala dinner). Those
shall be closely reachable in r’s social environment.
According to these requirements, any recommended researcher will be relevant to the
user’s scientific subjects while being closely related to the user’s social network and research communities. Such recommendations support the identification of potential partners
for a project, for instance. We believe that these recommendations may lead to serendipitous
findings (i.e., interesting recommendations, though unexpected).

3.2 Inter-researcher social similarity measures
A major originality of our approach lies in the extraction and exploitation of researchers’
social clues for the recommendation process. This is the collaborative filtering part of our
SLRS. In order to compensate for the issues of the topical dimension presented in Section 2.2, we propose to enhance this latter with a social dimension, as covered by the three
similarity measures introduced in the next sections. They are defined according to the undirected graph of coauthors (see Figure 2a, where a node stands for a researcher and an edge
connects two researchers who coauthored a publication), and the directed graph of venues
(see Figure 2b, where a node is either a researcher or a conference edition, and an edge connects a researcher to a conference venue where he had papers accepted). In the remainder of
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the paper, note that R = {r1 , . . . , rn } is the set of all researchers known in scientific literature
digital libraries.

(a) Graph of coauthors
r3

r3
r1

r1

r2

r2
r6

r6
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(b) Graph of venues
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r2 2
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RIAO 2007

r1
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… 2010

…

r3

r5

r5

RIAO 2007

Fig. 2 Modeling researchers’ social interactions: coauthors (author ↔ author) and venues (author ↔ venue)

3.2.1 Proximity in the graph of coauthors
Milgram (1967) defined the degree of separation of two people as the minimum number of
acquaintances (i.e., intermediaries) required to connect them through their social network.
In Graph Theory, this corresponds to the length of the shortest path connecting two nodes
together (Easley and Kleinberg 2010, chap. 2). Empirical experiments involving subjects
whose task was to reach a given unknown person by mail through relatives and acquaintances showed that the median degree of separation between two persons living in the USA
was five (Milgram 1967; Travers and Milgram 1969). Hence the ‘small world’ expression
referring to these findings. Note that, when analyzing the DBLP (Ley 2002) bibliographic
records, Elmacioglu and Lee (2005) reported that an average of six coauthors separate any
two randomly picked authors in Computer Science. This is in line with Milgram’s (1967)
findings, meaning that the Computer Science coauthor network is similar to a natural social
network.
We build on this concept to compute the proximity of two researchers through the graph
of coauthors (Figure 2a). The associated p : R2 → [0, 1] function computes the inverse of
the length of the shortest path between two given coauthors. This equals to 1 when two
researchers are coauthors, decreases according to their coauthoring distance, and equals 0 if
there is no path connecting them. In the example of Figure 2a, p(r1 , r2 ) = 1/min(2,2,3,5) = 1/2
and p(r1 , r4 ) = 0. This function captures a social aspect of researchers’ work by assessing
the proximity among authors.

3.2.2 Connectivity in the graph of coauthors
The connectivity (i.e., connection strength) between two researchers is also defined according to the graph of coauthors (Figure 2a). It is computed by the c : R2 → N+ function, which
returns the number of distinct shortest paths between two researchers (i.e., with length equal
to their degree of separation). In the example of Figure 2a, c(r1 , r2 ) = 2 and c(r1 , r4 ) = 0.
This function captures a social aspect of researchers’ work by assessing the opportunity to
reach one researcher through a large number of different intermediaries.
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3.2.3 Meeting opportunities in the graph of venues
The meeting opportunities (or number of shared venues) between two researchers are defined according to the graph of venues (Figure 2b). A venue is the edition of a specific conference (e.g., SIGIR 2010). We do not consider journal papers since only conference papers
give researchers the opportunity to gather together for presenting their work and meeting
up with other authors. It is computed by the m : R2 → N+ function, which returns the number of shared venues between two researchers. In the example of Figure 2b, m(r1 , r2 ) = 1
and m(r1 , r4 ) = 0. This function captures a social aspect of researchers’ work by assessing
the meeting opportunities for two researchers; it computes the odds that they may already
have met during a conference where they both published. This probability is higher with
an increasing number of shared venues, as an evidence of shared membership to (informal) communities. The m(r1 , r2 ) value is obviously a upper bound since all the authors of a
multi-authored conference publication may not have attended the conference.

3.3 Inter-researcher topical similarity measure
The topical similarity between two researchers is defined according to their publication titles since we do not consider abstracts or full-text but metadata. This is the collaborative
filtering part of our SLRS. We model each researcher as a mega-document (Klas and Fuhr
2000): all the terms used in the titles of a researcher’s papers are collected in a single document. Then, mega-documents are processed to compute topical similarity as it is commonly
achieved in IR (see Micarelli et al 2007; Manning et al 2008, chap. 2) with the Vector Space
Model (Salton et al 1975). This process is comprised of the following stages.
1. Publication titles are tokenized into words (i.e., strings are split on whitespace characters). Next, words from a stop list (e.g., Fox 1989; Dolamic and Savoy 2010) are filtered
out as they convey no meaning (these are essentially determinants, pronouns, and so
on). Then, words are stemmed into terms with Porter’s (1980) stemming algorithm, for
instance. Stemming intends to reduce vocabulary variability that would impair further
matching otherwise (e.g., ‘algorithm,’ ‘algorithms,’ and ‘algorithmic’ are stemmed as
‘algorithm’). Finally, the n distinct stemmed terms from all publications are collected.
These constitute the indexing language.
2. A vector space is created with n-dimensions; each one represents a term of the indexing
language.
3. Each mega-document
di , which represents one researcher, is implemented as a vector

di = w1i , . . . , wni in the n-dimensional vector space. A weight wij is calculated for each
dimension j. Classically, wij = tf (di ,t j ) · idf (t j ), where the weight of a term t j in di is
higher when t j is frequent in the document (tf meaning term frequency) and at the same
time rare in other documents (idf meaning inverse document frequency). The higher the
weight wij , the more characteristic of document di the term t j is. Readers interested in
this TF·IDF weighting scheme may refer to (Spärck Jones 1973; Salton and Buckley
1988).
4. In the end, the topical similarity between two researchers
 r1 and r2 is computed by the
t : R2 → [0, 1] function, such that t(ri , r j ) = cos di , dj . The smaller the angle between
the two vectors, the more similar the two researchers are.
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We explain in the next section how social and topical similarity measures are jointly
used by our SLRS for issuing socio-topical recommendations of researcher names and publications to the user, who is also a researcher.

3.4 Issuing socio-topical recommendations: combining social and topical clues
The retrieval of interesting researchers according to a user’s published work (i.e., research
interests) is achieved in two steps. First, as presented in Section 3.4.1, we compute the list of
closest researchers for the four similarity measures. Second, as described in Section 3.4.2,
we combine these results in order to satisfy requirements R1 and R2 stated in Section 3.2.
3.4.1 Generation of a result list for each similarity measure
For any given researcher r, we compute
 the list T of the n − 1 mostj similar researchers based
on their topics, that is T = ri1 , s1i , . . . , rin−1 , sn−1
where si = t (ri , r j ) is the topical
i
similarity between ri et r j . We hypothesize that recommending a researcher’s own work or
direct coauthors’ work is irrelevant since he/she may be aware of it, obviously. Hence, we
filter out the user’s name and his/her direct coauthors from list T.
This process detailed for function t results in a T list. It is repeated for aforementioned
functions p, c, and m that result in lists P (for Proximity), C (for Connectivity), and M (for
Meeting opportunities).
3.4.2 Result lists combination with normalized CombMNZ
We hypothesize that the reinforcement of topical recommendations with social clues leads
to effectiveness improvement. We realize this socio-topical combination with one of the
Comb* functions proposed by Fox and Shaw (1993). These were originally designed as part
of a meta-search engine for combining the outcomes of several source search engines into
a single result list. Comb* functions combine k result lists (document-similarity pairs) into
a single result list. This latter is comprised of every retrieved document associated with a
combined similarity value computed by aggregating the k source similarities. Many variations of this combination scheme were proposed. They vary according to the aggregation
function f : Rk → R used: CombSUM is based on the sum function, CombMAX is based
on the max function, and so on. Fox and Shaw (1993) showed that CombMNZ yields best
performance on T REC4 test collections. It computes a combined similarity S by aggregating
the k source similarities {s1 , . . . , sk } according to S = N · ∑ki=1 si , where N represents the
number of non null similarity values si . Furthermore, prior to realizing the combination, Lee
(1997) pointed that similarity values in result lists should be normalized (i.e., converted into
the [0, 1] range) with Equation 1 for a fair combination, when similarities are defined on
different ranges (e.g., in our case p(ri , r j ) ∈ [0, 1] while c(ri , r j ) ∈ N+ ).
normalized_similarity =

unnormalized_similarity − minimum_similarity
maximum_similarity − minimum_similarity

(1)

Lee (1997) showed on T REC test collections that normalized CombMNZ yields best
performance compared to other Comb* functions with or without normalization. That is the
reason why we opted for normalized CombMNZ to combine the results of social similarity
4

T REC stands for the Text REtrieval Conference (see Voorhees and Harman 2005).
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measures. The resulting S list is illustrated in Figure 3d, which represents the combination
of three social result lists (Figure 3a–c). We may notice that r4 is present in the three source
lists with high scores, which explains that it is top ranked in the combined S list. On the
contrary, r7 was retrieved in two lists only, and is thus ranked lower in the final S list.

(a) Proximity (P)

(b) Connectivity (C)

(c) Meeting Opportunities (M)

Researcher

Similarity

Researcher

Similarity

Researcher

Similarity
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0.25
0.16

r6
r1
r4
r7
r2

12
8
8
6
2

r6
r4
r7
r1
r2

5
5
3
2
1

&

↓

.

Normalized CombMNZ
↓
(d) Combined social result list (S)
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Combined similarity (with detailed computation)
0.50−0.16
0.50−0.16

+

2·

0

+

3·

0.16−0.16
0.50−0.16

+

=

2·

0

0.5000

=

1·

0.2647
0.0000

=
=

1·
2·

0.33−0.16
0.50−0.16
0.25−0.16
0.50−0.16

r4

7.8000

=

3·

r6

4.0000

=

r1

2.5500

=

r7

1.8000

r3
r5
r2

0

+

+

8−2
12−2
12−2
12−2
8−2
12−2
6−2
12−2

+

0

+

+
+

0

+
+

2−2
12−2

+
+
+



5−1
5−1 
5−1
5−1 
2−1
5−1 
3−1
5−1 

0



1−1
0

5−1

Fig. 3 Example of result lists combination with normalized CombMNZ (Fox and Shaw 1993)

For achieving our main purpose, that is computing a socio-topical list of recommended
researchers, we designed a two-step process (Figure 4). First, we combine the results of the
three social similarity measures into the S list. From this list, we filter out the researchers
that have no topics in common with the user (requirement R1) by computing S0 ← S ∩ T.
Second, we combine the topical results T with the latter social results (requirement R2) giving the final recommendation result ST (an example is shown in Figure 5a). Notice that the
combinations involved in this two-step process are done with no hypothesis about the relative importance of the result lists given as input. For instance, in the second step, social and

Proximity
i i (P)
( )
Connectivity (C)
Meeting
opportunities (M)
( )

Normalized
CombMNZ

Social list (S)



Topical
p
list ((T))

Normalized
CombMNZ

ST list

Fig. 4 Two-step process for combining social and topical recommendations
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topical dimensions are equally combined. This represents an unsupervised (i.e., no learning
is required for source weighting) approach that we evaluate in the next section.
We implemented this socio-topical similarity measure in an online SLRS. It takes a
researcher name as input and issues recommendations (other researcher names) ranked by
decreasing score. Recommendations are computed on the DBLP dataset that we used for the
experiment presented in the next section.

4 Checking similarity measures against researchers’ perception of relatedness
In this section, we compare topical and socio-topical inter-researcher similarity measures
with researchers’ perception of relatedness to the recommended researchers. Our hypothesis
is: the combination of topical and social similarities better simulates researchers’ perception
than topical similarities only. We present the experimental protocol that we designed, its
application with 71 subjects, our analyses, and related findings.

4.1 Experimental protocol and data analysis
Our aim is to validate the proposed similarity measures by having researchers assess the
accuracy of issued recommendations. Hence, researchers taking part in the evaluation will
be called subjects. Prior to their participation, subjects’ ST and T lists shown in Figure 5
are computed. Then, each subject assesses the recommendations presented in list T (i.e.,
top topically related researchers). Note that we randomized T list in order to ensure that
the rank of a recommendation does not influence subjects’ perception. The subject rates
each recommended researcher on a 7-point Likert (1932) scale ranging from zero to six
(e.g., 2/6 with a star metaphor HHIIII). This mark is given according to the question:
‘Would meeting this researcher help you to improve your research?’ Notice that the zero
mark means that the subject is not interested at all in the recommended researcher: this
recommendation is not relevant. On the contrary, a recommendation is all the more relevant
as the subject’s mark is high. These marks constitute the HP list (i.e., human perception)
illustrated in Figure 5b.

(a) Socio-topical ST list

?

←−
−→

(b) Human perception HP list

Researcher

Sim

Researcher

Alan Turing
Donald E. Knuth
..
.
Bill Gates

5.42
4.80
..
.
0.10

Donald E. Knuth
Alan Turing
..
.
Bill Gates

Sim
6
4
..
.
0

?

←−
−→

(c) Topical T list
Researcher

Sim

Bill Gates
Alan Turing
..
.
Donald E. Knuth

0.75
0.71
..
.
0.24

Fig. 5 Illustrations of ST, HP, and T lists as considered in the experimental protocol

Here we draw a parallel between evaluating SLRSs combination outcomes and evaluating search engines in IR. A search engine retrieves a result list of documents in response
to the user’s query conveying his/her information need. The evaluation of search engine effectiveness is commonly realized with Cleverdon’s (1962) ‘Cranfield paradigm’ (see also
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Voorhees 2002; Sanderson 2010). It has been notably implemented at T REC for evaluating search engines (Buckley and Voorhees 2005) contributed by multiple participants (i.e,
IR groups from worldwide universities, companies like Google and Yahoo). We illustrate
it with an example in Figure 6. At T REC, evaluating the effectiveness of a search engine s
for a given query q is done by comparing its outcome with relevance judgments j from
human assessors. This comparison is achieved with an effectiveness measure m such that
m(s, q, j) ∈ [0, 1]. The zero value means that the search engine result list is totally irrelevant,
whereas a value of one is obtained when the system retrieved every relevant document for q
present in the corpus, and ranked them at the top of the result list. This measure supports
inter-system comparisons: m(s1 , q, j) > m(s2 , q, j) shows that s1 yields more relevant results
than s2 does. Several m measures were defined, such as ap (i.e., Average Precision) for binary relevance judgments (i.e., documents are either relevant or non-relevant: j ∈ {0, 1}) or
Järvelin and Kekäläinen’s (2002) ndcg (i.e., Normalized Discounted Cumulative Gain) for
gradual judgments (i.e., documents are non-relevant or more or less relevant to the query:
j ∈ R+ ). These two measures (along with several others) are implemented in trec_eval,5
T REC’s official software for evaluating participants’ search engines.

relevant document?
corpus
search engine
assessor

query

qrels:
l relevance
l
judgments
d
 binary
{0, 1}
 gradual [0, N]

trec_eval

Effectiveness measures:
 Mean Average Precision
 Normalized Discounted Cumulative Gain
query

s1

s2

1

0 5687
0.5687

0 6521
0.6521

…

…

…

50

0.7124

0.7512

0 6421
0.6421

0 7215
0.7215

avg

improvement +12,3%
significant
p < 0.05 (paired t‐test)

Fig. 6 Overview of search engine evaluation as realized at T REC (Buckley and Voorhees 2005)

Controlling for query effect (i.e., ensuring that no performance variation occurs when
dealing with different queries) is usually done by evaluating the search engine with several
queries and then averaging the individual effectiveness scores in a global score. The robustness of this practice was shown by Buckley and Voorhees (2000) with at least n = 25 queries,
although n = 50 is more robust for statistical analyses (this is the usual number of queries
at T REC). Finally, as shown at the bottom of Figure 6, the improvement in effectiveness
5

Available for download at http://trec.nist.gov/trec_eval.

14

between s1 and s2 is computed by Equation 2.
∑ni=1 m(s2 , qi , j)
−1
∑ni=1 m(s1 , qi , j)

(2)

The statistical significance of an improvement is represented as a p-value with Student’s
(1908) paired bilateral t-test (differences are computed between paired values m(s1 , qi , j)
and m(s2 , qi , j)). Although requiring a normal data distribution in theory, Hull (1993) points
that it is robust to violations of this requirement in practice. Moreover, Sanderson and Zobel
(2005) show this test to be more accurate than other ones, such as Wilcoxon’s (1945) signed
rank test. When p < α, with α = 0.05 the difference between the two systems is deemed
to be statistically significant (Hull 1993). The smaller the p-value, the more significant this
difference is. We refer the interested reader to (Sanderson 2010, chap. 5) for a detailed
description of significance tests applied to IR.

relevant document?
corpus

SLRS

“Who would you like to meet for
improving your research?”

Top 25 results

search engine

assessor
researcher

query
researcher’s
h ’
name

qrels: relevance judgments
 binary
{0, 1}
 gradual [0, N]

trec_eval

Effectiveness measures:
 Mean Average Precision
 Normalized Discounted Cumulative Gain
topical

#subjects

socio‐topical

query

s1

s2

1

0.5687

0.6521

…

…

…

50

0.7124

0.7512

0.6421

0.7215

avg

improvement +12,3%
significant
p < 0.05 (paired t‐test)

Fig. 7 Proposed framework for SLRS evaluation, as based on IR evaluation (see Figure 6)

Just as a search engine s retrieves documents for a query q, our SLRS extracts recommendations from a scientific literature digital library (e.g., DBLP) for a given researcher,
who generally is the user. We thus build on the Cranfield paradigm for evaluating interresearcher similarities. Consequently and as illustrated in Figure 7, we consider list T as the
result of search engine s1 , and list ST as the result of search engine s2 . Moreover, a subject/researcher r is considered as a query q, and relevance judgments j are produced by the
same researcher r for capturing his human perception (HP) of relatedness. Each subject rates
the top 25 recommended researchers on the 7-point Likert scale. Finally, the computation of
m(T, r, HP) and m(ST, r, HP) is realized with measure m = ndcg since human perception HP
is gradual (marks range from zero to six). Instead of evaluating with n queries, we evaluate with n subjects. This implies a constraint on the number of subjects: at least n = 25
researchers will be necessary to achieve statistically valid conclusions.
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4.2 Implementing the experimental protocol with the DBLP digital library
The evaluation of similarity measures with the proposed protocol required the use of a scientific literature digital library. We opted for DBLP, which collects publications of the Computer Science field (Ley 2002). The rationale for this choice is threefold. First, DBLP is
large as it indexed 1,392,143 publications authored by 811,787 researchers as of May 11th,
2010. It comprises papers published by major publishing groups, such as the ACM, Elsevier, IEEE, Springer, and Wiley. Second, metadata about indexed publications are publicly
released as a 713 MB dblp.xml file.6 Computing recommendations from this dataset will
enable us to evaluate similarity measures while showing the feasibility of our metadatabased SLRS proposal. Third, DBLP has already been used for research purposes, such as
Lotka’s Law empirical validation (Elmacioglu and Lee 2005), personal name language identification (Biryukov 2008), expert search (Deng et al 2008), community detection (Huang
et al 2009), and research field coverage measurement (Reitz and Hoffmann 2010). We analyzed data provided in dblp.xml and designed the associated UML class diagram representing available metadata and its organization, as shown in Figure 8. Class names refer
to the well-known BibTEX format (Mittelbach and Goossens 2005, chap. 13). Note that
our SLRS only processes gray background classes for issuing recommendations, other data
being dismissed.
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url: String

Author

< has
*

1..*

Document

writes >

name: String

1..*

1..*

1

title: String
year: int

is also known as >
*
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name: String

Article

InCollection

pages: String
volume: String
number: String

pages: String

Book

Proceedings

isbn: String

bookTitle: String
series: String
volume: String
isbn: String

< contains
1..*

1
*

< contains

InProceedings
pages: String

1

1..*

1..*
*

< features
1
Journal

Publisher

publishes

title: String
shortTitle: String
isbn: String

1

name: String

publishes

Thesis
school: String
category: String

1

Fig. 8 Proposed UML class diagram for DBLP data, inferred from dblp.xml. Classes with gray background are processed by the SLRS for issuing recommendations

We involved researchers as subjects for our experiment in order to validate the similarity
measures according to their human perception of relatedness. Through an online experimental setting (Reips 2002, 2007), we relied on crowdsourcing (Alonso et al 2008) in order to
constitute a subject sample with varied research profiles and backgrounds. In July 2010,
6 http://dblp.uni-trier.de/xml
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we contacted 90 authors by sending individual emails, provided that they had at least two
publications in DBLP. This sample of researchers was extracted from our contacts on the
LinkedIn7 business-oriented social networking website. Notice that this is not a random
sample (Kelly 2009, chap. 7) of researchers since most of them are computer scientists, and
they all are connected to the author’s social network. The invitation email described the
proposed threefold task, which duration was estimated to five minutes:
1. Provide age and seniority in research (number of years).
2. Rate the relevance of 25 recommended researchers presented in random order.
3. Report feedback about the assessment task and comment on the SLRS usefulness.
The email also contained a hyperlink to the website that we designed for experimentation
purpose.8 The aim of the experiment was clearly stated (comparing various inter-researcher
similarity measures) while our hypothesis (social clues improve topical recommendations)
was unrevealed in order not to influence the participants. Moreover, no reward was offered
to researchers who had to work voluntarily.

4.3 Data analysis of the acquired 71 participations
4.3.1 Characteristics of the 71 subjects who took part in the experiment
Further to our email, 74 volunteer researchers began the experiment. This corresponds to a
82% response rate. In the end, 71 of these participants finished the experiment; they will be
referred to as subjects from now on. This corresponds to a 4% dropout, which is far less than
the 45% dropout measured by Reips (2007) for unrewarded web experiments. This may be
due to three aspects of the experiment that we designed.
1. The estimated duration was short: five minutes on average.
2. We involved acquaintances who were certainly keener to help than strangers that we
could have reached by mailing lists with larger audience, such as Reips and Lengler’s
(2005) Web Experimenter List.
3. We offered researchers the opportunity to get potentially interesting recommendations.
This served as an incentive since several subjects reported that they found the recommended researcher names and associated publications helpful.

Number of subjects

7 http://www.linkedin.com
8 A demonstration can be seen at http://www.irit.fr/~Guillaume.Cabanac/expeSimT.
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Fig. 9 Distribution of the 71 subjects according to seniority
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Number of subjects

The 71 subjects were between 24 and 61, with an average of 39 years old (standard
deviation is 10). Seniority is reported in Figure 9. Subjects had between 1 and 39 years of
research experience, with 14 years on average (standard deviation is 9 years).
The analysis of their scientific production shows that the average subject published
21 papers recorded in DBLP (Figure 10). The standard deviation of 21 publications underlines a natural variation of productivity between subjects. This is an interesting property
of our sample, as it allowed us to run category-specific analyses according to their number
of papers.

30
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0
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[30, 40[

[40, 50[

[50, 60[

≥ 60

Number of publications

Fig. 10 Distribution of the 71 subjects according to their number of publications in DBLP

4.3.2 Effectiveness of the proposed similarity measures and improvement with social clues
We call baseline the SLRS producing topical results (i.e., T list). The contribution presented
in this paper is the SLRS producing socio-topical results (i.e., ST list). Notice that both
operate on paper metadata. Results of the experiment are reported in Table 1, while a more
visual representation is offered in Figure 11.

Category

Case

Criterion

ndcg(T, r, HP)

ndcg(ST, r, HP)

Gain (%)

Global
Number of
publications

À
Á
Â
Ã
Ä

all
< 15 publications
> 15 publications
< 13 years
> 13 years

0.7665
0.6960
0.8313
0.7456
0.7857

0.8316
0.7683
0.8897
0.7941
0.8660

8.49∗
10.39∗
7.03∗
6.50∗
10.22∗

Seniority

Table 1 Differences in effectiveness between T and ST for the 71 subjects. Statistical significance (i.e., t-test
with p < 0.05) is denoted by the ‘*’ symbol in column Gain

We recall that ndcg(ST, ri , HP) ∈ [0, 1] measures the effectiveness of the SLRS producing list ST (for researcher ri ) according to HP (cf. Section 4.1). Data analysis for the
global level À (i.e., considering the 71 participations) shows a strong baseline performance
(0.7665). This means that issuing basic topical-based recommendations based on paper
metadata (as presented in Section 3.3) is effective. Nevertheless, issuing socio-topical recommendations as we proposed in Section 3 overcomes topical recommendations, as it yields
a 8.49% improvement that is statistically significant (p < 0.05). This significant improvement of the order of 5–10% is ‘noticeable’ according to Spärck Jones’s (1974) interpre-
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tations of levels of improvement.9 These results validate our hypothesis: complementing
topical clues with social clues for computing similarity measures leads to improved performance. In other words, the human perception of inter-researcher similarities is better
simulated.
We go into our analysis in greater depth by constituting subject categories according
to their number of publications (Á and Â) and their seniority (Ã to Ä). Each category is
divided in two equally sized groups according to the median (15 for publication count and
13 for seniority). We report the results accordingly. First, improvement is higher for researchers having published less Á than for researchers having published to a larger extent Â
(10.39% versus 7.03%). Second, improvement is higher for senior researchers Ä than for
junior researchers Ã (10.22% versus 6.50%). Overall, we may explain these findings as
follows. Junior researchers—and those who published few—had fewer collaboration opportunities with several other researchers, hence the limited effect of integrating social clues
into similarity measures in this situation. On the contrary, senior researchers and those who
published to a greater extent (> 15 publications) had certainly more social opportunities
(e.g., co-venues), hence the observed improvement.

Topical similarities

Socio-topical similarities

1
+8.49%

+10.39%

+7.03%

+6.50%

+10.22%

①
global

②
< 15 publications

③
≥ 15 publications

④
< 13 years

⑤
≥ 13 years

NDCG

0.9
0.8
0.7
0.6
0.5

Fig. 11 Evaluation of inter-researcher similarity measures showing significant improvement of socio-topical
recommendations over topical (only) recommendations

We showed that integrating social clues in inter-researcher similarity measures yields
significant performance improvement for all considered categories. Improvement is all the
higher as subjects are experienced researchers. Recall, however, that junior researchers (or
even master students beginning with no publications yet) may also get relevant recommendations by querying the SLRS with their advisor’s, supervisor’s, or mentor’s name.
In the next section, we analyze results in greater details in order to assess the relative
influence of similarity measures on recommendation accuracy.

9 “in the absence of significance tests, performance differences of less than 5% must be disregarded
. . . broadly characterize performance differences, assumed significant, as noticeable if the difference is of
the order of 5–10%, and as material if it is more than 10%.” (Spärck Jones 1974) as cited by Sanderson
(2010, p. 313).
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4.3.3 Effects of the five similarity measures on socio-topical recommendation accuracy
We studied the effects of the inter-researcher similarity measures involved in our SLRS
on recommendation effectiveness. A parameter is introduced for each similarity measure
used in the two-step process designed for issuing recommendations (cf. Section 3.4.2 and
Figure 4). Let us consider I = {0.1, 0.2, . . . , 0.9, 1.0} as the domain of each parameter.
During phase one, list S is computed by combining lists P, C, and M. Originally, these
are combined equitably (i.e., each list has the same importance as the two other ones). We
now realize a weighted combination by introducing three parameters (π, χ, µ) ∈ I 3 such
that π + χ + µ = 1. Each parameter controls the varying influence of the associated list by
adjusting its normalized similarity values, as shown in Equation 3.
S ← CombMNZ (π · normalized (P) , χ · normalized (C) , µ · normalized (M))

(3)

As explained in Section 3.4.2, list S is then filtered out (i.e., S’ ← S ∩ T) such that only
topically relevant researchers are kept. During phase two, list ST is computed by combining
lists S’ and T. Originally, these are combined equitably. Now, we introduce two parameters
(σ , τ) ∈ I 2 such that σ + τ = 1. This intends to set up a varying influence for each list, as
shown in Equation 4.
ST ← CombMNZ (σ · normalized (S’) , τ · normalized (T))

(4)

We generated the 726 parameter configurations complying with the aforementioned constraints on the five parameters: π + χ + µ = 1 and σ + τ = 1. We computed the accuracy
(ndcg) of each configuration and we report in Table 2 the five most effective configurations, as well as the five least effective ones. Among these 726 possible configurations, we
analyzed worst and best performing configurations and report our findings below.
1. Worst performance (0.7665) is achieved when considering topical clues only (i.e., when
list T is given full influence whereas list S’ is dismissed). This means that integrating social clues never impaired but always improved the accuracy of recommendations, which
is an interesting outcome.

Normalized CombMNZ weights
Social lists

ndcg(ST, r, HP)

Improvement
over baseline
ndcg(T, r, HP)
= 0.7665
(%)

Socio-topical lists

P
π

C
χ

M
µ

S’
σ

T
τ

0.0
0.0
0.0
0.0
0.1

0.3
0.3
0.4
0.4
0.4

0.7
0.7
0.6
0.6
0.5

0.9
1.0
1.0
0.9
0.8

0.1
0.0
0.0
0.1
0.2

0.8524
0.8523
0.8521
0.8520
0.8518

11.21
11.19
11.17
11.15
11.13

0.0
0.0
0.0
0.0
0.0

0.0
0.1
0.2
0.3
0.4

1.0
0.9
0.8
0.7
0.6

0.0
0.0
0.0
0.0
0.0

1.0
1.0
1.0
1.0
1.0

0.7665
0.7665
0.7665
0.7665
0.7665

0.00
0.00
0.00
0.00
0.00

Table 2 Five most and least effective normalized CombMNZ weight configurations (5 parameters π → τ)
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2. Best performance (0.8524) represents a material 11.21% improvement over the topical
baseline (0.7665). Among the involved social and topical dimensions, the former is far
more influential (0.9) than topical dimension (0.1). Note that the meeting opportunities
function as defined in Section 3.2.3 is the most influential (0.7) parameter among the
three social clues (0.0 + 0.3). This observation about the influence of the meeting opportunities social clue also holds for other best performing configurations. This is an
important result as it shows that, besides being an original proposal, it is proven to be
highly effective.
To sum up: the evaluation with 71 volunteer researchers allowed us to make the following three main findings. First, the usual topical similarity measure is quite accurate even
when computed on paper metadata (i.e., baseline ndcg = 0.7665). Second, introducing social clues as we proposed in this paper yields a noticeable 8.49% performance improvement
(0.8316). Third, best recommendations (0.8524) overcome the topical baseline by 11.21%
when favoring social clues over topical clues. Among social clues, meeting opportunities
are most influential.

5 Conclusion and future work
Literature review is supported by SLRSs relying on inter-researcher measures of similarity. State-of-the-art approaches implement collaborative filtering, content-based filtering, or
an hybridization of these. We highlighted two key issues regarding these approaches. First,
systems rely on rich theoretical models, but they are hardly feasible as they require fetching
and analyzing full-text publication contents. Second, SLRSs only achieve loose simulation
of researchers’ cognitive process when evaluating inter-researcher similarities. For instance,
social interactions between researchers (e.g., attending similar conferences) are not considered.
Our contribution is threefold. First, we proposed to process publicly available metadata
related to publications in order to recommend researchers matching a researcher’s scientific interests. Second, we designed inter-researcher similarity measures based on topical
and social clues. Social clues comprise the proximity and strength of a relationship between
researchers, as well as the meeting opportunities they experienced while attending conferences. Third, we implemented these inter-researcher similarity functions in our socio-topical
SLRS. We then designed and conducted an evaluation with 71 volunteer researchers that allowed us to validate our proposal. We observed a strong topical baseline (ndcg = 0.7665)
that we achieved to overcome by integrating the aforementioned social clues, yielding a
11.21% material improvement (ndcg = 0.8524). These results mean that socio-topical recommendations better simulate human perception of relatedness between researchers than
topical recommendations alone.
Several directions for future work were identified. In the short term, we have to confirm
these results with more participants stemming from a random sample (Kelly 2009, chap. 7)
of researchers from various scientific domains. We should also consider more experienced
researchers, as they represent a small extent of the 71 subjects we studied. Such further evaluations will also give us the opportunity to experiment with others models for computing
inter-researcher similarities, such as Author-Topic models (Rosen-Zvi et al 2004, 2010) relying on Latent Dirichlet Allocation. Experimenting with other combination functions than
normalized CombMNZ (Fox and Shaw 1993), such as machine learning techniques, will
also be of interest.
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In the medium term, we may compare recommendation accuracy when issued according
to paper metadata versus full-text papers, as to assess the potential value added of full-text.
Regarding the topical dimension, we may index publication titles with concepts instead
of terms (e.g., for considering ‘information retrieval’ as a concept instead of two separate
terms) and collect semantically identical expressions (e.g., ‘IR,’ ‘information retrieval,’ and
‘document search’). This may be achieved with part-of-speech taggers (Janas 1977) for
extracting non phrases, as well as conceptual analysis (Hurtado Martín et al 2010), or conceptual indexing (Hubert and Mothe 2009) if a domain ontology is available. Another idea
is to promote innovation by the identification of pioneering researchers (i.e., those who
introduced new terms massively adopted later, such as ‘ontology’) for promotion in recommendations. Regarding the social dimension, we may need to characterize and harness the
sociability of researchers: does their publishing activity match a solitary pattern, a tribal pattern (often with the same group of coauthors), or a scattered pattern (with several changing
coauthors)?
More generally, temporal clues about publications may also be worth considering for
issuing relevant recommendations. For the topical dimension, researchers explore various
topics or even domains and may lose interest in their initial subject. For the social dimension,
the recommended researchers may not have published for a long time; such a recommendation may not be relevant for some people or tasks. Moreover, recent social interactions may
have to be favored over older ones.
In the long term, we may work on a typology of researchers’ needs associated with
literature access. We believe that the recommendation process has to be adapted accordingly.
For instance, the expected recommendations may be extremely different when we wish to
be notified of events happening in our close scientific environment (i.e., awareness task) or
when we wish to discover innovative authors and cutting edge subjects (i.e., task related to
literature review).
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