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ABSTRACT

The growth in the alternative digital publishing is widening the
breadth of scholarly impact beyond the conventional bibliometric
community. Thus, research is becoming more reachable both inside
and outside of academic institutions and are found to be shared,
downloaded and discussed in social media. In this study, we linked
the scientific articles found in mainstream news, weblogs and Stack
Overflow to the citation database of peer-reviewed literature called
Scopus. We then explored how standard graph-based influence
metrics can be used to measure the social impact of scientific arti-
cles. We also proposed the variant of Katz centrality metrics called
EgoMet score to measure the local importance of scientific articles
in its ego network. Later we evaluated these computed graph-based
influence metrics by predicting absolute citations. Our results of the
prediction model describe 34% variance to predict citations from
blogs and mainstream news and 44% variance to predict citations
from Stack Overflow.
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1 INTRODUCTION

The latency of traditional bibliometric indicators has led to the
development of novel, alternative measures called Altmetrics [22].
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Altmetrics can refer to (i) metrics for measuring alternative sci-
entific artefacts e.g. source codes or datasets (ii) the measuring
of impact beyond conventional boundaries of the scientific com-
munity. With the advent of the web and digital publishing and
distribution, the audience for scientific work has broadened to in-
clude non-specialists. In the case of conventional citation-based
metrics, if a paper has been cited then it can be judged to have had
some scientific influence. However, it is less clear what influence
can be established when a tweet about this paper is made from
a non-specialist. Furthermore, not all scientific topics, however,
scientifically excellent, may be accessible to a popular audience. So,
it is hard to gauge the impact of scholarly activity in social media.
According to a definition provided by Kaplan and Haenlein [13]
social media means those Internet-based applications which allow
creating, exchanging and disseminating the user generated content
online on the ideological and technological foundations of Web 2.0.
The current trend of measuring the impact of scholarly activity in
social media is based on a count of bookmarks, blog posts, views,
tweets, likes, shares, and hyperlinks [21, 26]. The other important
aspect of the Altmetrics is the choice of data sources. Many of the
Altmetrics research is focused on analyzing the specific data sources
particularly Twitter, as it reflects a wider use of scholarly articles
by the general public [8]. Similarly, Twitter provides excellent API!
to extract data for analysis. However, Twitter has also some limi-
tations, the top tweeted scientific articles are with funny titles or
curious stories [11]. These stories get higher attention and receive
a higher number of tweets and retweets counts. These resonating
count scores in media like Twitter and Facebook can be gamed or
manipulated. To address this apparent weakness in such media,
we chose three different data sources namely mainstream news,
weblogs, and Stack Overflow?. These platforms provide lengthier
and authoritative discussion about a particular topic. We support
when a scientific publication is mentioned or linked in such media,
they are more likely to be impactful in a social context.

Not all the scientific publication is featured in social media. The
general presence of Altmetrics in "Biomedical and Health sciences”
is 22% and for "Mathematics and Computer Science" is 5 % [8]. This
infers that the public health and life sciences stories get much pub-
licized in social media in comparison to other areas of sciences. To

!https://dev.twitter.com/rest/public
Zhttp://stackoverflow.com/
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measure the impact of scientific articles around public health sto-
ries we chose mainstream news and weblogs because newsworthy
scientific topics might get serious attention from the public. For less
visible stories we chose Stack Overflow mathematics community.
Stack Overflow is not only focused Question&Answer community
for a productive learning environment but also steady discussions
about the topic. This community has the significant fraction of the
participants having deep expertise in the domain area. Any schol-
arly articles linked in Stack Overflow gets score by the community
members on the basis of how useful or informative they are [3].

The count based metric around scientific publication on social
media are measuring the attention in online media, but it is hard to
estimate that count metrics is really measuring the impact of science
because any controversial or catchy title of scientific publications
can get high counts. This metrics can be sensitive towards the
popular trends called as popularity, but it does not measure the
qualitative aspect for example prestige. The concept of popularity
and prestige are established metrics in social network analysis [30].

Thus in this paper, we explore different graph-based influence
metrics to assess the impact of the scholarly articles in an online
social media. Then, we measure the impact of scientific publications
in two different graphs: hyperlink document graph in mainstream
news/weblogs and user activity graph in Stack Overflow. We evalu-
ated the computed graph-based metrics for predicting the academic
impact.

2 RELATED WORK

The traditional citation graphs proved notable successes to capture
the important properties of the underlying research system. These
graphs are appropriate to recognize the influence of bibliometric en-
tities like scholars and journals [5, 29]. Similarly, the heterogeneous
network studies from [33] and future rank algorithm proposed by
[32] are applied to conventional citation and co-authorship net-
work. However, Altmterics aimed at developing impact metrics
of science in social media. The social media exhibit a rich variety
of information sources, but also contain links between them [1].
This makes social media as a graph where documents are nodes
and edges are hyperlinks. There are few studies around measuring
the impact of science in social media using graph-based centrality
approach [12, 17]. The limitation of [12] is the small sample size
of only 45 researchers and the data are only from the academic
social network called ResearchGate®. The findings of their studies
can be biased because researchers can use different Online Social
Networks such as Twitter, Facebook, Mendeley, Blogs, etc.

Hit Count [19] is a metric which captures the number of times a
publication accessed online. It is used as a predictor to predict the
citation count of medical scientific publications with variance of
33%. The study by Callaham [7] found that the "Newsworthiness"
of the medical scientific article is the important predictor of the
future citation count. However, Kulkarni et al [16] reported that
Newsworthiness of medical literature has no significant association
with citation rate. Brody et al. [6] presented web usage (number of
downloads from the pre-print sharing website "arXiv") to predict the
scientific impact (citations) of research articles. Similarly, Shuai et al.
[24] investigated the relationship between Twitter mentions, arXiv

Shttp://www.researchgate.net/
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downloads, and article citations using regression and correlation
test and reported Twitter mentions is statistically correlated with
arXiv downloads and early citations enable to use Twitter mentions
and arXiv downloads to predict citations. Eysenbach [9] showed
that the scientific articles mentioned on Twitter can predict future
citations. The author reported, publications from Journal of Medical
Internet Research (JMIR) which were highly tweeted were more
likely to become highly cited. Ringelhan et al. [23] studied any
unpublished scientific articles receiving likes in Facebook as an
early indicator to predict the impact of scientific work.

Most of the prediction analysis have been performed on the
bibliometric data sets [34] but few of the initiative were taken to
predict the scientific impact using social media data. In this work,
we focus on blogs, mainstream news, and Stack Overflow because
these media bring attention to research output than any other social
media [28]. To the best of our knowledge, there is no such graph-
based approach in social web data to measure the social impact of
scientific articles and predict the academic citations.

3 EXPERIMENT SETUP AND METHODOLOGY

We investigated three research questions. First, we examined whether
we can identify the scientific sources in social web data. Second,
we investigated the centrality metrics of identified scientific publi-
cations in such network. Finally, we evaluated the the computed
graph-based centrality metrics by predicting academic citations.

RQ:1 How can we identify the scientific literature in a so-
cial web data?

We used two data sources in this study
(i) Mainstream News and Blogs Data: We used Spinn3r* data
which is a crawl of the blogosphere from 2010 November to 2011
July. The data was stored in a distributed file system and has eight
publisher types: memetracker, forum, microblog, review, classified,
mainstream news, weblog and social media such as facebook and
twitter. We extracted only weblogs and mainstream news from these
distributed file using Java Spinn3r API° and stored in a MongoDb®
database. We indexed extracted data using Solr’ for quick search
of the topic of interest.

Search of a Candidate Topic: We restricted our focus on a
topic that has received a lot of public attention in the time window
of our social media index (Nov 2010-July 2011). We used Wikipedia
to research prominent news events recorded in that period. This
suggested one public health topic was particularly newsworthy: The
emergence of a virulent strain of Avian Influenza. An examination
of query trends in the Google search [10] engine suggests bursts
in Web user interest in these topics. We created a subset of the
data for our focus topic from Spinn3r. For this, we issued queries
over our collections and extracted the content items mentioning
the synonymous phrases that all refer to avian flu: "bird flu", "avian
influenza", "H5N1", "avian flu", "fowl plague", "grippe aviaire". We
collected 259,149 JSON documents from Spinn3r dataset.

Construction of Spinn3r Graph: We constructed the hyper-
link graph from the Spinn3r data by following the graph model [27]

4http://spinn3r.com/
Shttp://www.programmableweb.com/api/spinn3r
®https://www.mongodb.org/
"http://lucene.apache.org/solr/
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made for Targeted Project at Insight Centre for Data Analytics®.
Each Spinn3r data item has the source URL and content. In the
content section of the every item, we searched for the hyperlinks
and from each hyperlink, we extracted the URL and these Urls are
the target URL. We constructed a directed graph with source nodes
as a source URL and target nodes as target URL. The graph contains
949611 number of nodes and 5408825 number of edges.

(ii) Stack Overflow Data’: We chose Math Overflow commu-
nity from Stack Overflow because users contribute research level
math questions and answers [25] which is ideal for our case. For
our analysis, to be of reasonable size we restricted our data from
January to December 2010. The retrieved size of the data was 345
MB.

Construction of User Activity Graph from Stack Overflow
Data: From the Stack Overflow data, we made a graph with two
relationships namely, "comment” and "share". We extracted those
users who post the question and who response the post with com-
ments. We linked these users with "comment" relationships. For
the "share" relationship, we extract those users who shared the
hyperlinks . We link the users and hyperlinks with "share" relation-
ship. We stored this graph in a Neo4j '° graph database. 713 user
nodes, 518 hyperlink nodes, 1397 "comment" relationships and 515
"shares" relationships were created from this graph. Figure 1 shows
the graph of the interaction between users sharing the scientific
publications in Math Overflow community.

Identification of Scientific Source Domains in a Spinn3r
and Stack Overflow graph: We took a semi-automated approach
to identify the scientific publication link in the graph. We made
the list of possible URL that can be found online from different
academic search engines!! because they cover the scientific disci-
plines in online social media [20]. The list contains Google Scholar,
ScienceDirect, Nature, Science, New England Journal of Medicine
(NEJM), The Lancet, PubMed, IEEE Xplore, arXiv, CiteSeer, Public
Library of Science (PLOS) and Direct Digital Object Identifiers (DOI)
(Table 1)

We used the list of the URLS shown in the table 1 and performed
the following steps:

e DOI and PMID Approach: The scientific publications can
be represented in the web as a unique persistent identifier
called Digital Object Identifier(DOI)!? such as http://dx.doi.
org/10.1371/journal.pmed.1000388. Then DOI of this pub-
lication is 10.1371/journal.pmed.1000388. Similarly, PMID
is the unique identifier used in PubMed Citations!? for ex-
ample https://www.ncbi.nlm.nih.gov/pubmed/3472723 then
PMID is 3472723. We searched the URL’s with the pattern
dx.doi.org and ncbi.nlm.nih.gov/pubmed/ in our graph
and extract DOI and PMID. We checked each of the identi-
fied DOI’s and PMID’s in a Scopus'# database using Scopus

8https://www.insight-centre.org/

“http://stackoverflow.com/

Ohttps://neodj.com/
http://www.sciencebuddies.org/science-fair-projects/top_science-fair_finding_
scientific_papers.shtml

2http://www.apastyle.org/learn/fags/what-is-doi.aspx

Bhttp://answers library.curtin.edu.au/faq/121100

“https://www.scopus.com/
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Figure 1: User Interaction in Maths Community Sharing, Sci-
entific Publications

API®. This API directly provides the flexibility to search the
scientific publications using DOI and PMID.

o Title Based Approach: For the rest of the URL’s without
DOI and PMID we searched the pattern of the URL from a list
of academic resources shown in table 1. For every matched
URL in the graph, we visited the web page and extract the
title of the publications. We searched the exact title in Scopus
database using Scopus APIL The URL with identified scientific
publication in Scopus was only analyzed.

With this approach, we found 1210 scientific publications in a
Spinn3r graph and 264 scientific publications in Stack Overflow
graph. The sources of the scientific publications and their frequency
are shown in Figure 2. For the Spinn3r graph, we observed the
highest number of links (505) consist of a direct URL link to digital
object identifier shown by (dx.doi.org). The second highest links are
from library.wiley.com (420). The third highest links to scientific
publications are linked through NCBI'® pubmed (121). Similarly,
in Math Overflow graph we observed the highest number of links
(174) which were from arxiv.org. The second highest links (85) were
from a direct URL link to the digital object identifier. The the third
and the last were from library.wiley.com (3).

Finally, we constructed Spinn3r and Math Overflow graph and
identified the scientific nodes in it. In the next section we address
our second Research Question.

Bhttp://dev.elsevier.com/
16https://www.ncbi.nlm.nih.gov/
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Sources URL Disciplines

Google Scholar  https://scholar.google.com/ All

ScienceDirect  http://www.sciencedirect.com/ All

Nature http://www.nature.com/ All

Science http://science.sciencemag.org/ All

Lancet http://www.thelancet.com/ Medicine

NEJM http://www.nejm.org/ Medicine

PubMed https://www.ncbinlm.nih.gov/pubmed/  Life Sciences
Physics,
Mathematics,

arXiv https://arxiv.org/abs/ Computer science,
Quantitative biology,
Quantitative finance and statistics

CiteSeer http://citeseerx.ist.psu.edu/ Computer Science

Public Library

of Science https://www.plos.org/ Life Sciences

(PLOS)
A unique persistent

DOI system http://www.doi.org/ identifier for online access
of scientific publication

IEEE XPlore http://ieeexplore.ieee.org/ Electronics, Electrical engineering,

Computer science

Table 1: List of Academic Resources for Various Scientific Disciplines
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Oxford Journals y

Biomedcentral g

Nature g
Lancet g
NEJM n
W Spinner Graph
BMJ
- m Stack Overflow Graph
PNAS o

Science Mag -

NCBIPUbMed oy
onlinelibrarywiley.com |——
Direct DO (dxdoiorg) | ——

0 100 200 300 400 500 600

Number of Links to Scientific Publications

Figure 2: Social Media Sources Citing Scientific Publication

RQ:2 How can we measure the impact of scientific publi-
cation that are linked in Spinn3r and Math OverFlow graph?
We applied four different centrality metrics out of which, three
are standard graph-based centrality metrics namely PageRank [18],
HyperLink Induced Topic Search (HITS) [15] and Katz Centrality
[14]. The last one is called EgoMet, it is the metric we proposed.
The algorithm such as PageRank, HITS, and Katz are established
graph-based metrics which measures the global importance of the
nodes in the network. However, these metrics may not be useful
for determining the relative importance of the nodes with respect
to a specifically focused root node [31]. The proposed metric is a
variant of Katz centrality metrics to measure the influence of the
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root node in the focused ego-graph. In our analysis, we used all
these metrics to assess the importance of scientific publications in
both the graphs.

PageRank Score: For a given network of scientific publication
and URL entries in a Spinn3r graph connected through the hyper-
links, the PageRank score of the scientific publication is the proba-
bility for a random surfer to land on it following these hyperlinks.
We computed the PageRank score of 1210 scientific publications
which are hyperlinked in the Spinn3r graph.

In the context of Math Overflow graphs, we applied the idea
of combined PageRank score. For a given network of scientific
publication and users connected through the comment and share
relationship, the PageRank score of the scientific publication is
the probability for a random surfer to land on it following com-
ment relationship. In other words, if the users sharing the scientific
publications are easily accessible then there is a high chance to
reach that scientific publications. For any user nodes to accumulate
higher PageRank score, it must be linked by other users with higher
PageRank score (fig 3).

We summed up the PageRank score of the users who shared
the scientific publications to provide one composite score for the
publication. In order to compute the centrality of publication with
n user based on PageRank score is given by:

n
Impactpyplicationpr) = Z User(pr;) 1
i=1

where PR is the PageRank score of a user and n is the number
of users who shared scientific publications.

Authority Score: We applied the HITS authority algorithms in
our Spinn3r graph to compute the authority score of 1210 scientific
publications. For a given network of scientific publication and URLs
of blogs and mainstream news connected through the hyperlinks,
the scientific publications have high authorities if they do not have
the outgoing hyperlinks to the other URL entries.
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Figure 3: PageRank Score of Scientific Publications Shared by
Users in StackOverflow Graph

In the context of Math Overflow graphs, we applied the idea
of combined Authority score similar to the concept described for
combined PageRank score. To compute the centrality of publication
with n user based on Authority score is given by:

n

ImpaCt(PublicationA) = Z User(Authurityi)
i=1

@)

where A is the Authority score of a user and n is the number of
users who shared scientific publications.

Katz Score: Katz centrality gives the relative influence of the
nodes in the network. The measure of this centrality depends upon
the number of immediate and distant neighbors. The nodes that lie
very close to many other nodes in the network have a higher score
than nodes lying farther from all the other nodes in the network.
We applied this algorithms in our Spinn3r graph to compute the
influence of 1210 scientific publications.

In the context of Math Overflow graphs, we applied the idea of
combined Katz score similar to the concept described earlier for
combined PageRank score and Authority score. To compute the
centrality of publication with n user based on Katz score is given

by:

n
ImpaCt(PublicatianK) = Z User(Katzi) (3
i=1

where K is the Katz score of a user and n is the number of users
who shared scientific publications.

EgoMet Score: This is our proposed metric to weight the nodes
in a maximal directed ego network. The root or ego node is the
scientific publications and the other nodes are the set of alters who
have ties to ego. The definition of Directed Ego-Centered Network
and Maximal Directed Ego Network is given as:

Definition 1: Directed Ego Centered Network: For a graph G =
(V,E) where V is the set of nodes and ECVXV is a set of ordered
pairs from V called the edges of the graph, the ego network of k"
degree is given by G{F = (siUVik, E;) where Vl.k is the set of nodes
that are at most k hops away from s; and E; is the set of directed
edges between siUVik and s; the seed node of graph Gi.‘.
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Definition 2: Maximal Directed Ego Network: A maximal di-
rected ego network of a graph G = (V, E) is an ego network of k
hop away from the node s; given by Gf.‘ = (s,-UVl.k , Ei) such that
there is no vertex in V' \ Vl.k whose addition in Gf would preserve
the property of a directed ego centered network.

The Katz centrality score has the attenuation parameter that
describes how the signal decays when it traverses through hops. In
the context of our graph we computed the attenuation parameter
a [4] by

a=—-

3 @

Where A is the maximum eigenvalue of the graph. Similarly, the
Node weight is computed as the ratio (Rjp) of indegree (deg™ (Node))
to outdegree (deg* (Node)). Rjo provides the information spreading
ability of the nodes. Mathematically, it can be represented as:

deg”(Node);+1

RIO(NOdE) = lOg m

+1| )

The rationale to use log is for a very high indegree of the nodes,
the score will also be very high, so we dampened the score using
logarithm and to smooth the equation for becoming unstable we
added 1. We combine both the parameters to give one composite
score called EgoMet score. Formally, it is expressed as follows:

deg (Node);+1
degt(Node);+1

+1] % it

EgoMet = 37| log

=1
©)

Where n is the number of hops in a maximal directed ego network,
i is the number of nodes in every hop and « is the attenuation
parameter. This concept is demonstrated in figure 4 by computing
the paper influence in 5 different network configurations.

=
T t A TN P N
. g
P

(e)s=1.21

(a) s =0.40
T (€)s=1.04 (d)s=1.16
(b) s =0.81 Scientific
Publications

'E‘ Web Entry

Figure 4: EgoMet Scores for 5 network configurations, with
a=0.156. The score of the scientific publication grows from (a)
to (e)

In the context of Math Overflow graph, we used the combined
EgoMet score of a user who shares the scientific publications.
The combined centrality score of a scientific publication based
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on EgoMet score of a user is computed as:

n
ImpaCt(PublicationEgoMe,) = Z User(EgoMeti) (7)
i=1

Finally, we applied 4 different graph-based metrics to assess
the influence of scientific publications in Spinn3r and Stack Over-
flow graph. In the next step, we tried to answer our third research
question.

ROQ:3 How can we evaluate the computed graph-based met-
rics of scientific publication?

We performed the spearman correlations between the computed
graph-based scores with the citation count baseline to find the
relationship between these two scores. The baseline citation data
were extracted from the time range of 2010 - 2011 because our
Spinn3r and Stack Overflow data was collected in the same time
period. The result of correlation test are shown in Table 2

Correleations from Correlations from

Metrics Spinn3r Graph StackOverflow Graph
PageRank Score  0.25 *** 0.29 ***
Authority Score  0.19 *** 0.26 ***
Katz Score 0.45 *** 0.25 ***
Indegree Score ~ 0.38 *** 0.28 ***
EgeMet Score 0.38 *** 0.34 ***

*** indicates highly sigificant and p < 0.05 .
Table 2: Correlation Between Computed Graph-Based
Scores with Citation Baseline

We observed a positive and significant correlation in our sample.
This means the graph-based scores of scientific publication and its
baseline citation score move in the same direction. This suggest a
prediction model can be established between the predictor variable
(graph-based scores) and response variable (baseline citations). We
made two separate prediction model for Spinn3r and Math Over-
flow Data. The objective of this is to study which social media
the baseline citation prediction is well performed. We included
graph-based influence metrics along with other additional features
to make better prediction.

Prediction Model for Spinn3r Graph: We analyzed the cita-
tion of scientific publication for the Spinn3r graph using multiple
regression models. This model is based on citations of 1210 scien-
tific publications. We transformed the dependent variable using
natural log because our citation data was highly skewed. There
were scientific publications in our datasets with zero citation, as
the logarithm of 0 is undefined 1 is added to the citation count.
Table 3 shows the significance of the predictors used in the model.
The Authority Score and Katz score are not a significant predictor
for citation count. The EgoMet (p-value =0.00486) score is mod-
erately significant in predicting citations. The coefficient of the
EgoMet score -0.019 represents a unit increase in an EgoMet score
decreases the predicted citation by -2%. This is because our model is
log transformed, a unit increased in an independent variable output
coefficient times the 100% which is 1.9 approximately 2. This unit
suggests that the EgoMet score negatively predicts citation scores. It
can be the case like high public engagement can resonate the social
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Variable Coefficient p-value
PageRank Score 0.016 0.00524 ***
Authority Score 0.005 0.4

Katz Score 0.22689 0.099
News_Referred 0.067 0.001175 ***
Blogs_Referred 0.0084 0.59
EgoMet Score -0.019 0.00486 **
Depth of the rr
Ego Network -0.011 0.00364
Number of Nodes

in a k-hop of Ego Network 0.4 0759
Indegree of Scientific Pubs  0.02 0.000258 ***

*** indicates highly significant and p < 0.05.
Table 3: Model 1- Significance of Predictors for Spinn3r
Graph.

influence score but does not actually contribute impacting the sci-
entific score. Whereas scientific articles referred from mainstream
news (p-value=0.001175) is highly significant to predict future ci-
tation. The unit increase in a News_Referred score increases the
predicted citation by 6%. This infers that any newsworthy scientific
topic from authoritative media source like mainstream news might
be serious and a scientist might cite those scientific publications.
The PageRank Score of scientific publications (p-value=0.00524)
is a highly significant predictor for citation count. The unit in-
crease PageRank score increases the predicted citation by 1%. The
in-degree score of scientific publications (p-value=0.000258) is a
highly significant predictor for citation count. A unit increase in
the in-degree score increases the predicted citation by 2%. The high
in-degree around the scientific articles might generate academic
impact. The depth of the ego-network (p-value=0.00364) of the sci-
entific publication also negatively predicts citations. This means
the one unit increase in citation yield 1% decrease in a citation.
The rest of the other predictors in the model are not statistically
significant.

To check the prediction accuracy of the model, we split the
datasets into training(75%) and testing(25%) set. This leads our
training set sample to 908 and testing set the sample to 302. We
choose RMSE (root mean squared error) as our evaluation metric
because it gives high weights to the larger residuals. Residual is the
difference between actual and predicted value. The baseline RMSE
of our model is 16.54. This is calculated by taking the square root
of the square difference between mean predicted value in training
set and actual value in a test set. The R-squared (R?) value of the
model is 0.34. This means that 34% of the variance in our citation
score can be explained by the set of predictors in the model. The
RMSE value of the model while predicting in the test set is 10.40.
The RMSE value in the test set is lesser than the baseline RMSE.
This means our model predicts better than the baseline model.

Prediction Model for Math Overflow Graph: We followed
the similar approach as a prediction model for a Spinn3r graph. We
used the multiple regression models for Stack Overflow graph by us-
ing natural logarithm for the citation data. This model consists of a
citation of 264 scientific publication. Table 4 shows the significance
of the predictors used in the model. The EgoMet score (p-value
= 1.92e-07), Authority Score (p-value = 1.23e-06) and PageRank
Score (p-value = 0.000836) are three graph-based metrics which
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Variable Coeffecient p-value
PageRank Score 0.0299510 0.00836 ***
Authority Score 0.098590 1.23e-06 ***
Katz Score -0.08996 2.38e-05 ***
EgoMet Score 0.27011 1.92e-07 ***
Maximum Hops of

the Ego Network -0.002344 0.889
Indegree of Scientific Pubs 0.05876 0.00176 **
Number of Answers 0.13749 8.91e-07 ***
Number of Votes

Sharing Scientific Publications  0.01130 0.000052***
Number of Comments -0.001 0.92

*** indicates highly significant and p < 0.05.
Table 4: Model 2 - Significance of Predictors for Math Over-
flow Graph.

are highly significant predictors to predict the citations. The one
unit increase in Egomet score, Authority score, PageRank score in-
creases citations by 27%, 9% and 2 % respectively. Likewise, Indegree
(p-value = 0.00176) of scientific publications is also a significant
predictor of citations. A unit change in an Indegree increases cita-
tions by 5% . The number of votes sharing scientific publication is
also highly significant feature in the model. This feature suggests
a unit change in votes increases citations by 1 %. The number of
the votes for scientific publication shared in the Math Overflow
might infer usefulness of the resource. Thus it can be taken as an
important indicator to predict citations. Similarly, the number of
answers (p-value = 8.91e-07) posted indicates highly significant
predictor in the model. For a unit change in a number of answers
increases citations by 13% . The number of comments PageRank
score and Maximum hops of the ego network is not statistically
significant feature for the prediction of citations in the model.

To check the prediction accuracy of the model, we split the data
into training(75%) and testing(25%) set. Our training sets consist of
198 entries and test sets consist of 66 entries. The baseline RMSE of
this model is 7. The R-squared value of the model is 0.44. This means
our model can explain 44% variance in the citation. The RMSE value
of the model for test set is 5.07. This value is lesser than our baseline
RMSE value of the model which suggest the model predicts better
than the baseline model.

Comparison of different Models Predicting Citation Counts:

We took four different models where three of the model predict
the citations using social web data and one model which predict
citations using bibliometric data. The performance based on the
coefficient of determination (R?) is shown in Table 5. In comparison
with all the model, we observed that the R? value is maximum
for the model from Yan Rui,et al (2011). This model explains the
maximum variance of the academic citations. The reason for this
is the author used all the predictor variables which are bibliomet-
rics indicator such as author ranks and venues rank which are
highly correlated with the academic citations. Considering all the
features used by social media, it shows that our model 1 offers
slightly better variance than Perneger (2004) and Eysenbach (2011).
Similarly, our model 2 describes the highest variance in comparison
to other models. The model from Brody (2006), Perneger (2004)
and Eysenbach (2011) are based on counts. For example, counts of
downloads, mentions, and exposure of scientific publications in an
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Sources Model Data R?
Perneger . . Online web access data

(2004) Linear Regression of the scientific publications. 33%
Brody . . Web usage data of

(2006) Linear Regression scientific publications 2%
Eysenbach . . .

(2011) Linear Regression Twitter 27%
Yan, Rui, et al Classxﬁ(fatlon and Bibliometrics data 78%
(2011) Regression Tree

Our Model 1 Linear Regression Mainstream News and Blogs ~ 34%
Our Model 2 Linear Regression Math Overlow 44%

Table 5: List of Different Predictive Models to Predict Aca-
demic Citations

online medium. These count based metrics are important because
it captures the popularity or attention but it does not capture in-
fluence. Whereas our graph-based metrics capture the influence of
scientific publication in social media.

The prediction model built from Math Overflow describe higher
variance in citation than prediction model build from Spinn3r data.
One reason for this might be the users. In the specialized and ded-
icated forum of mathematics in Math Overflow the users might
be matured or novice scientist or normal audience. Any scientific
publication shared in such forum might get attention and if useful it
might also get cited. The other important aspect of Math Overflow
is that it has reward system on the basis of trustworthiness and
accuracy of the content [2]. This means any scientific publication
shared by users get votes. We also saw from our prediction model
that the number of votes is significant predictors in predicting cita-
tions. In the case of mainstream news and weblogs in Spinn3r data,
the majority of the audience might be non-specialist. For such users,
they might read the news or blogs linking scientific publication
which contains catchy headlines or interesting stories. These users
might have less chance to visit the primary source or scientific
publications. This factor actually resonates the social scores but
does not contribute much to academic citations.

Although we were not very sure about how our approach per-
forms to predict academic citations with other similar studies. The
reason for this is we do not have the experimental data used by
those studies to reproduce the experiment. But we present the co-
efficient of determination (R?) from those studies reported in the
literature. We compared this with the previous studies because they
used social media to predict academic citations.

4 LIMITATIONS AND CONCLUSION

The limitation of the study is that the number of scientific articles
in Spinn3r (mainstream news and weblogs) and StackOverflow are
1210 and 264 respectively which is of small size and incomplete.
This is due to the method we used to curate scientific articles from
social media. We have done this manually by identifying URL’s
from a scientific domain and matching them in Scopus database.
While doing this, we might have missed other potential scientific
resources in social media. Due to this, the approach of recognizing
scientific articles in social media needs to be automated. As in our
use case, we chose widely-publicized public health issues called
"avian flu". This kind of sensitive stories might bias the finding or
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prediction. This needs to be further verified for all kind of scientific
publications available in social media. This can be a potential future
direction for this research.

Our work is an exploration for looking at the academic impact of
scientific publications outside the conventional bibliometric com-
munity. We linked the scientific publications found in social media
to peer-reviewed literature database and measured the social im-
pact of such publications. We also proposed the EgoMet score to
measure the local influence of the nodes in the ego network which
showed a moderate correlation and positive association with a ci-
tation baseline. Finally, we evaluated the computed graph-based
metrics by predicting academic citations.
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