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ABSTRACT
In the last decade, scholarly communication have been greatly
transformed by the web, moving research dissemination away
from printed papers in journals to digital content that can
be easily posted on the Internet. This technical factor along
with a larger scientific community makes it really hard to
find relevant content for research in the ever growing sea
of publications. With the goal of gaining insights on how
researchers find relevant knowledge, we have interviewed a
small group of researchers and then opened an online survey
to a larger group, asking them to explain how they had found
references for one of their papers. The results of this study
suggest that finding scientific knowledge has a strong social
component, with the different researchers’ social networks
(e.g., coauthors, people met at conferences) accounting for
a important percentage of the source of the references. In
this paper we report on this study and compare our results
with the evidence found in a dataset of 5 × 106 authors
with their publications and references. We take these re-
sults and analyze different approaches for incorporating the
social component into search and recommendation of scien-
tific publications.

1. INTRODUCTION
The notion of scientific paper as the main means of scien-

tific knowledge dissemination and peer review as the main
mechanism to guarantee quality have been, for a long time,
the cornerstones of scientific knowledge advance. In the last
decades the scientific world has met great changes, the Web
being the changing factor pushing us to gradually move away
from printed papers in journals to digital content that can
be easily posted online. In this context it becomes really
hard to find relevant content for research in the ever grow-
ing sea of publications. This phenomenon, referred to as
“information overload”, is a reality and a challenge for the
scientific community. It requires an understanding of the
problem in this domain and the development of models and
tools to overcome its effect.
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Motivated by this challenge, we started to study how re-
searchers find scientific knowledge looking for ways to im-
prove the support of this process, taking as a particular
use case the problem of finding relevant references. In our
study we have found that a third of all the references cited
in a scientific paper comes from the authors’ interaction
with their social networks, including co-authors, project col-
leagues, and people met at conferences or other events. Re-
searchers stumble upon relevant scientific resources and share
them within and among these different social networks in
different contexts. This comes to support the observation
that “networking” is highly important in our community.
This strong social component, however, has not been fully
exploited to overcome the information overload problem.

Current approaches, such as social bookmarking sites and
other social networking systems provide tools and services to
share the knowledge within a single context of their systems.
However, they do not consider that different incentives and
tools are required to effectively capture this knowledge in dif-
ferent contexts. People share, discover and discuss papers,
usually informally, at conferences, lectures, in the mailing
lists of their research groups and projects. We argue that
capturing this knowledge will allow us to understand what
people consider important and relevant. The fact, for exam-
ple, that somebody (and especially somebody we “trust”)
shares a paper tells us a lot on the value of this paper, more
than a citation can do. This fact supports our intuition that,
having this kind of information available, we will be able to
use it to improve search [5].

In this paper we introduce Knowledge Spaces, an ap-
proach to capturing and supporting search for scholarly knowl-
edge. Knowledge spaces (kspaces for short) are a metaphor,
a set of models and processes, and a social web platform
that help you capture, share and find scientific knowledge
in all of its forms. The principle behind kspaces is to allow
knowledge dissemination in the scientific community to oc-
cur in a way similar to the way we share knowledge with our
colleagues in informal settings. The rationale behind this is
that when we interact informally with a small team of col-
leagues dissemination is very effective. We are free to choose
the best format for communicating our thoughts and results,
we share both established results as well as latest ideas, we
interact and carry on a conversation (synchronously or via
email), we comment on other people’s contributions and pa-
pers and observe relations among various contributions.

As regards search, we present our preliminary work to-
wards exploiting this social aspect. Firstly, we discuss how
to reuse the valuable social metadata already available on



the Web in a scientific metasearch engine. Then we give
some insights on using researcher’s social network for search
and recommendation of scholarly publications.

The contributions of this work are the following:

• A study on the impact of researchers’ social networks
in finding references for publications, and on the im-
portance of different kinds of networks,

• A model and a social platform for capturing knowledge
and enabling search,

• A scientific metasearch engine leveraging social met-
rics, and

• Initial ideas on using researchers’ social networks, and
in particular co-authorship network, for personalized
search for scholarly publications.

In what follows we present our study on understanding
scholarly knowledge search, describe Knowledge Spaces as
its enabling factor, and describe our proposals of scientific
metasearch and network-aware search.

2. UNDERSTANDING SEARCH
If we are to improve the way we find scientific knowledge,

the very first step to do so is to understand how this process
naturally works in the mind of those who search. With the
goal of reaching this understanding we have conducted a
sociological study consisting of two phases:

1. Qualitative Analysis of researchers’ comments on
how they find scientific knowledge they later cite, with
the goal of finding an small set of categories in which
we could classify this process. For this purpose, we
have interviewed 30 researchers from the University of
Trento, asking them to explain how they had found
references for one particular publication of their au-
thorship. The answers to the question ranged from
“my advisor suggested it” to “I searched for papers in
topic X using google scholar” and ”I found it while fol-
lowing citation links”.

2. Quantitative Analysis of an online survey on the
same subject, using the categories we have found on
the first phase of the study. The online survey1 would
ask researchers to provide their names, which we would
later use to search for their publications on a dataset
extracted from Microsoft Academic Search2 of 5× 106

authors with their publications and references. Af-
ter selecting one publication, the survey ask the same
question as the interview, but this time providing as
optional answers the categories we have found on the
previous phase.

The results we discuss on the following sub-sections, led
us to the conclusion that finding scientific knowledge has a
strong social component, which is a clear motivation to in-
corporate this component in the way we search for scientific
knowledge.

1The survey is still available at http://survey.mateine.org/
2http://academic.research.microsoft.com/

2.1 Qualitative Analysis Results
Based on the interviews, we have run a qualitative anal-

ysis by classifying textual transcripts for each analysed ref-
erence. From this analysis, we have classified the sources of
references into three main categories:

• social: includes all the references that authors came
to know thanks to the interaction with their social net-
work including co-authors, project colleagues, people
met at conferences or other events;

• keyword search: includes all the references found
while searching for some topics or keywords using tools
for that purpose (e.g. google scholar, dblp, specific
digital libraries);

• navigation: includes all the references found by fol-
lowing citations or other type of references in papers
and other resources.

Figure 1 shows the average percentage of references in a
paper that follows each of the patterns explained before.
In general, the same proportion of references comes from a
social network of the authors and from specific searches they
run on their own, reaching a 38%. References they got from
navigating through knowledge represent the remaining 24%.
When divided by seniority, results hold the same trend, with
the social scoring higher than search both for professors and
postdocs, and lower only for Ph.D. students. The later can
be seen as a very intuitive result taking into account that
the academic social network of a Ph.D. student is typically
smaller than that of a senior researcher.

Figure 1: Sources of references in a research paper,
classified by seniority of the researcher

Furthermore, and given the high percentage of social re-
lated references, we have also classified the networks most
commonly mentioned as sources of references. Figure 2
shows how many of the social references correspond to each
of the following networks:

• community/field includes references that come from
people or projects that can be considered as part of the
same field or community around a certain topic, but
whom the author has not necessarily met;



• colleagues, including peers whom the author has ap-
pointed as such. This is a very general term used by
most of the interviewees and that might have a high
intersection with other networks;

• venues includes references the author came to know
through conferences or journals.

• collaboration, including people, groups or projects
with whom the author has directly collaborated;

• senior colleagues includes mainly advisers or experts
in a specific field;

• coauthors, including people who coauthored at least
one article with the interviewee;

• research group includes people working in the au-
thor’s department or research group;

• acquaintances, including people the author has per-
sonally met, which is also a general term used by inter-
viewees that could also be included in other networks;

• friends includes people specifically appointed as such
by the interviewee

• educational includes references the author got from
courses, classmates or education related networks;

Figure 2: Social networks of origin for references

In the same way, most citations found by navigation, were
found while reading a paper or book, and then going deeper
in the citation graph. Other subcategories of the navigation
pattern include the follow up of one particular author, jour-
nal, conference or project. As for references found by key-
word search, google and google scholar are the most used
engines, while also dblp was mentioned (probably, due to
the high number of computer scientist in the group of inter-
viewees).

At the end of the study, we decided also to ask which of
the analyzed references in the interview they liked the most.
Even though this question was not in the original interview
script, the trend we have found and that would later be
confirmed by the online survey is that most liked references
come mainly from authors’ social networks, accounting up
to a 41%.

Data:.
The analysis of this phase of the study is based on 351 ref-

erences (without counting 43 self citations) spread across 30
interviews (18 Ph.D. students, 8 postdocs, 4 professors). Of
these, 214 correspond to Ph.D. students, 64 are from profes-
sors and 71 from postdocs. We have removed self-citations
from the analysis as the authors already knew them and had
no need to find them. The interviews were conducted during
May of 2011 resulting in 789 different notes that were later
manually categorized to get the before mentioned results.

2.2 Quantitative Analysis Results
The second phase of our preliminary study consisted on

conducting an online automated version of our interview,
using the categories we have found on the first analysis.

Figure 3 shows the average percentage of references in a
paper in each category. The numbers are similar to those of
the first phase, with the exception of a significant drop in
the percentage corresponding to navigation while the num-
ber of references for which authors selected the option Do
not remember increased dramatically (especially for pro-
fessors).

The reason behind the decrease in the navigation refer-
ences percentage could be that the explanation in the online
survey was not clear enough. Other reason might be that we
are missing an important category, which we expect to dis-
cover as more people participate of the survey and provide
feedback on possible missing categories.

Figure 3: Results of our online survey, classified by
seniority of the researcher

For each of category, the online survey also included the
option to further detail the answer by indicating (a) the
social network from where the reference came from (for the
social category), (b) the search engine or repository (for key-
word search), and (c) while navigating what (for navigation)

Figure 4 shows the percentage of social references by social
network. Although the community is again the mos impor-
tant network, there is a significant increase in the percentage
corresponding to coauthorship, which is not in line with the
first phase analysis, implying that more research needs to be



done in order to improve our understanding about the rele-
vance of each of the many different social networks of a re-
searcher. This however, we have gained interesting insights
about which networks are the ones we have to investigate
further.

Figure 4: Social references by social network

More details and results of this analysis are available on-
line and will be constantly updated in the site of the survey3.

Data:.
The online survey, currently ongoing, has gotten to this

date the reply of 28 different researchers, that responded
about the source for a 226 references distributed over 23
different publications. Aggregating these responses confirm
what we have already found in the interviews: the social
component is stronger than any other.

3. DEFINING NETWORK-AWARE RECOM-
MENDATIONS

The goal of this work is to incorporate the social compo-
nent of knowledge discovery into recommendation of scien-
tific publications. More specifically, we aim to build a recom-
mender system that suggests publications that researchers
are likely to find through their social networks and that are
related to their work.

Our model represents the graph of researchers and scien-
tific publications connected with the relations of authorship
and citation. We formalize the problem definition in the rest
of the section.

3.1 Formal problem definition
Let R be the set of all researchers in the system, and P -

the set of all publications. Relation Authored is defined by
the set of pairs (researcher, publication) ∈ R×P such that
researcher authored publication. Similarly, Cited includes
all pairs of publications (citing, cited) ∈ P2 such that citing
references cited. Publication p is cited by researcher r if it
is cited by any paper of r:

Cited(r, p) ⇐⇒ ∃p′ ∈ P
(
Authored(r, p′) ∧ Cited(p′, p)

)
.

For each researcher r we define a set of known and a set of
unknown publications:

Known(r) = {p ∈ P | Authored(r, p) ∨ Cited(r, p)} ,
3http://survey.mateine.org/results

Unknown(r) = P \ Known(r).

With each researcher r we also associate a network, which
is set of researchers similar to r according to some similarity
function:

Network(r) =
{
r′ ∈ R | sim(r, r′) > δ

}
.

Examples of such a network may include coauthors of r,
or researchers publishing in the same conferences, or re-
searchers citing the same papers.

The popularity of a publication p within a set of researchers
s is defined as popularity(p, s) and its definition depends on
the particular recommendation strategy. We introduce some
strategies in the next subsection.

Given the definitions above, we formulate the problem
of social recommendation of scientific publications: For a
given researcher, find k publications unknown to him/her
that have the highest popularity in his/her network:

1. Rec(r, k) ⊆ Unknown(r),

2. |Rec(r, k)| = k,

3. ∀p ∈ Rec(r, k) ∀p′ ∈ (Unknown(r) \ Rec(r, k))
(popularity(p,Network(r)) ≥ popularity(p′,Network(r))).

In what follows we explore different definitions of network
and popularity to later evaluate and analyze their perfor-
mance.

3.2 Defining the notion of network
Recommendations for scholarly knowledge depend on the

context and the goal the user is trying to achieve. They are
also strongly related to the type of network and the algo-
rithms used to compute them. In this section we focus on
defining different network configurations around researchers.

3.2.1 Coauthorship network
We first introduce the co-authorship network based on our

definition of network :

Coauthors(r) =
{
r′ ∈ R | sim(r, r′) > δ

}
expressing in the similarity function the number of papers
two researchers have written together normalized by the
number of publications, and then applying δ > 0 to create
the network of all the coauthors a given researcher:

sim(r, r′) =
‖Publications(r) ∩ Publications(r′)‖

‖Publications(r)‖

where

Publications(r) =
⋃
{p ∈ P | Auhtored(r, p)} .

3.2.2 Venue network
Our definition of venue network tries to capture the like-

lihood of two researchers meeting at a venue, resulting in a
future citation. We define the relation VenueOf as a set of
pairs (publication, venue) ∈ P ×V:

Copublished(r) =
{
r′ ∈ R | sim(r, r′) > δ

}
where the similarity function expresses the normalized num-
ber of venues two researchers have published together:



sim(r, r′) =
‖Venues(r) ∩ Venues(r′)‖

‖Venues(r)‖

given that

Venues(r) =
⋃
{VenueOf(p ∈ P) | Auhtored(r, p)} .

3.2.3 Topic network
Topic-based network capture the notion of researchers work-

ing in the same field. We assume each publication p belongs
to a set of topics Topics(p) thus:

Co− topic(r) =
{
r′ ∈ R | sim(r, r′) > δ

}
where the similarity function expresses the normalized num-
ber of topics on which two researchers have both published:

sim(r, r′) =
‖Afinity(r) ∩ Afinity(r′)‖

‖Afinity(r)‖

given that

Afinity(r) =
⋃
{Topics(p ∈ P) | Auhtored(r, p)} .

3.3 Defining popularity functions
On the above we define different popularity functions that

explore different views on the importance of a publication
in the researcher’s network:

• network popularity : The popularity of a publication
p within the network of a researcher r is defined as
the number of researchers in p who either authored or
cited p:

popn(p, r) =
‖{r′ ∈ Network(r) | p ∈ Known(r′)}‖

‖Network(r)‖ .

• work-weighted network popularity : Expresses the pop-
ularity of a publication p in the network of a researcher
r, weighted by her similarity with all researchers in the
network:

popwk(p, r) =

∑
{sim(r, r′ ∈ Network(r)) | p ∈ Known(r′)}

‖Network(r)‖ .

• time-weighted network popularity : Expresses the pop-
ularity of a publication p in the network of a researcher
r, weighted by temporal similarity with other researchers
in the network, considering the range [ymin, ymax]:

popwt(p, r) =

∑
{simt(r, r

′ ∈ Network(r)) | p ∈ Known(r′)}
‖Network(r)‖

• overall popularity : The overall popularity of a publica-
tion p is defined as the number of all researchers who
either authored or cited p:

popularityo(p) =
‖{r ∈ R | p ∈ Known(r)}‖

‖R‖ .

3.3.1 Recommending for a topic
The problem definition formulated above can be extended

to the case where the recommendations are restricted to
specific topics of interest. We assume each publication p
belongs to a set of topics Topics(p). Let FilteredBy(ts) be a
set of publications belonging to at least one topic from ts:

FilteredBy(ts) = {p ∈ P | Topics(p) ∩ ts 6= ∅} .

For a given researcher r and a set of topics ts, we need to
find a set of publications Rec(r, ts, k) such that

1. Rec(r, ts, k) ⊆ FilteredBy(ts) ∩ Unknown(r),

2. |Rec(r, ts, k)| = k,

3. ∀p ∈ Rec(r, ts, k)
∀p′ ∈ (FilteredBy(ts) ∩ Unknown(r)) \ Rec(r, ts, k)
(popularity(p,Network(r)) ≥ popularity(p′,Network(r))).

This extended problem definition will make possible the
recommendations on a topic and the implementation of a
network-aware search for scientific publications. This should
be accomplished by mapping the search query specified by
the user to the set of topics, and recommending the publi-
cations for this set of topics based on the user’s network. In
this work, however, we don’t address the problem of topic-
based recommendation.

4. EVALUATION
In this section we present the evaluation of the social rec-

ommendations we introduced in the previous section.

4.1 Experiment definition
We obtained a crawled copy of the academic search database4

containing data about publications, their authors and cita-
tion relations between them.

Our goal was to evaluate the ability of our recommender
system to produce relevant recommendations for researchers
depending on different popularity functions introduced in
Section ??.

For the purpose of this experiment we assumed citation
to be the indication of relevance. In other words, we consid-
ered publication p to be relevant for a researcher r at some
moment in the year y if r cited p after the year y. We then
evaluated the precision and recall of our recommendations.
This evaluation was done by measuring how well our algo-
rithms predicted researchers’ citations after the year y based
on citations of their network before that year. For a random
sample of 1000 researchers we ran the experiment for dif-
ferent combinations of year y (ranging from 1999 to 2009),
number of produced recommendations (1, 2, 4, 8 and so
forth, following an exponential growth up to 512), and pop-
ularity function (Section ??), averaging the precision and
recall metrics over the researchers in the sample.

4.2 Dataset Description
Our dataset contained 7 465 398 unique publications writ-

ten by 5 726 226 different authors. As the design of our
experiment required the year of publication to be known,
we selected 3 937 907 papers for which this information was
available. In order to improve the dataset, we approximated

4http://academic.research.microsoft.com/



the publication year for 1 907 589 more publications by tak-
ing the maximal year of their references. Hence the total
number of publications participating in experiment was 5
845 496.

4.3 Running and analyzing the experiments
Before running the experiment as described in the previ-

ous subsection, we analyzed the inherent quality of the coau-
thorship network as source of recommendations. According
to our dataset, 20% of future citations for a researcher over-
laps with the past citations from her coauthorship network.
This percentage represents the maximum recall that any of
our popularity functions could achieve.

In Figure 2 and 3 we present the precision and recall for
each popularity function and year-cut.

In all methods the tendency points to a decrease in the
precision by the year. This owes in part to the distribution
of the dataset, but more importantly to the fact that the
set of future citation declines with the year, decreasing the
maximal number of relevant publications. In the case of the
recall, the results are not necessarily related to the year, but
to the number of recommendations.

Analyzing the performance in terms of number of recom-
mendations, we can see that the precision of network-aware
popularity gets better as the number of recommendation
decreases. It means that the papers most cited by the re-
searcher’s network are much more likely to be relevant to
the researcher. This effect requires further investigation in
order to be fully explained. However, our preliminary hy-
pothesis is that it may be due to the fact that the most
cited papers in the researchers network belong to the topics
relevant to the whole community of this network (which ex-
plains many citations) and thus likely to be relevant to the
researcher, while the less-cited papers have topics relevant
only to a part of the community (therefore, having smaller
number of citations) to which the researcher is less likely to
belong. This also explains why network-aware popularity
outperforms random and overall popularity, especially for
the small numbers of recommendations.

The random popularity shows very low precision but we
can see that it is not sensitive to the number of recommen-
dations. This can be explained by the fact that percentage
of relevant papers in the random sample of papers does not
depend on the sample size. The overall popularity func-
tion seems insensitive to the number of recommendations
in terms of precision too, while explaining this phenomenon
needs further analysis. We can also see that there is always
a quality measure in the selection of references, and this be-
comes evident in how the overall popularity outperforms the
random popularity.

The recall of the three described popularity metrics shows
the strong tendency to grow as the number of recommenda-
tion increases, with the network-aware recommendation gen-
erally outperforming the other two methods. The difference
between the performances of the three methods in terms of
recall is the largest on the small number of recommendations
and almost vanishes as the number of recommended papers
reaches 1000. This is due to the fact that the different rank-
ings of the publications (known to researcher’s network) do
not change set of recommendations as the number of recom-
mended papers tends to the total number of papers in the
network.

Finally, the fact that the popularity in the network per-
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Figure 5: Precision of the different popularity func-
tions by year

forms better than the overall is an indicator of the impor-
tance of considering the network.

4.4 Discussion
Our results allow us to infer that the social awareness ap-

proach can provide some improvement in the recommenda-
tion of scholarly publications, but further exploration is still
needed to understand how different networks would affect
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Figure 6: Recall of the different popularity functions
by year

the results and, in particular, which of these networks (or
combination of) have the best recommending power. It is
interesting to see that the average recall of our co-authorship
network-aware algorithm (being in the range of 1 and 15 per-
cent) is similar to the percentage of papers coming from this
network according to our study (almost 11% of the overall
40% of social-originated references).

Furthermore, a major improvement to be made is to in-

clude topic analysis within our recommendation logic. Our
intuition is that such a logic can generate a better and more
relevant final ranking of resources. More experiments also
need to be performed to find relevant citation patterns in
the networks we have available in our dataset.

Finally, the ranking scores we have used in this work
were chosen for their relative straightforward implementa-
tion, while more complex ranking scores remain untested.
Ranking recommendations following some notions of weighted
co-authorship (based either on the number of coauthored re-
sources or the recency of the last collaboration) might pro-
vide better results. Unfortunately due to both a lack of
time and the characteristics of the available dataset, such
rankings remain untested.

A beta prototype of our recommendation system is avail-
able for testing and playing at http://discover.mateine.org/.

5. RELATED WORK
Classical research on user context and search tasks focused

on understanding the patterns used in web search [9], result-
ing in well known taxonomies. Recent research focused on
the final user goal on underlying the search, defining classi-
fication closer to the user needs [8]. In our study, however,
we go domain-specific trying to understand how researchers
find scientific knowledge, focusing on the impact of the social
aspect.

As for capturing knowledge sharing, an increasing number
of social bookmarking and annotation services have become
available in the scientific communities. Following the success
of other popular but generic social bookmarking sites (such
as delicious.com), Zotero, CiteULike, Connotea, Mendeley
are examples of scientific social bookmarking services that
focus on sharing and organizing academic references. These
tools and services deal with sharing and collecting materi-
als targeting groups and individuals. However, they are of
general purpose, and thus, their effective usage is limited to
a reduced number of scenarios. In Knowledge spaces, we
take a different approach going vertical to every scenario in
order to lower down the barriers to share. An interesting
work in this line is Mail2Tag [14], a system that explores
the use of mail as a tool for sharing and organizing news in
environments where the email is the main communication
channel.

Other studies consider the user social network to provide
personalized search results (e.g., [11] [12]). The most rel-
evant to our work is [11], in which the authors propose a
network-aware search for social bookmarking sites. This
work introduces interesting techniques that can serve as
baseline to this project, however, the modeling, analysis and
optimization are specific to this domain, and require partic-
ular attention.

6. CONCLUDING REMARKS
In this work we have proposed the personalized approach

to recommending scientific publications based on researchers’
social network. We formalized the problem, considering dif-
ferent definitions of networks and popularity metrics and
formulated its topic-based version. Given the dataset of Mi-
crosoft Academic Search, we designed and conducted the
validation experiment by evaluating precision and recall of
three different recommendation strategies within our pro-
posed approach with respect to researchers future citations.



We analyzed the results, drew some preliminary conclusions
regarding the applicability and the potential of network-
based recommendation of scientific publications, and identi-
fied directions of future work. Finally, we implemented the
recommender system relying on users’ co-authorship net-
work and deployed it within the prototype web application.
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