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Question 1

(How) Will Social Media change scientific
processes and/or influence scientific

impact?
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It is already happening...

Qualitatively, we observe the following change

Growing numbers of scholars discuss and share the research literature
on Twitter, Facebook, etc.

They organize articles in social reference managers like Mendeley

Review it in blogs, on reddit, etc.

The daily research work is moving online and is being put into the
spotlight
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Spotlight

Traditionally, the spotlight was always almost exclusively on citations

It is easy to quantify the scientific impact from citations, citations
networks, etc.

The citation count and derivatives such as h-index, PageRank, etc.

Often criticized because it can not measure the invisible

Discussion with colleagues, hallway talk, conference talks, and similar
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Question 2

Can we quantify the influence of Social
Media on scientific processes?
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Example 1: Information Retrieval

Can Social Media improve information retrieval?

Allow scientists to access relevant articles more efficiently

Traditionally, digital libraries will have subject catalogs, faceted
navigation, or keyword search

In a study with Mendeley tagging system we analyzed (hierarchical)
navigational structures extracted from author keywords and
readership tags
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Example 1: Information Retrieval
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Figure: Although the success rates remain excellent over all datasets, stretch
increases slightly in keyword datasets. This results in path lengths that are on
average longer by 1 or 2 in keyword networks.
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Example 1: Information Retrieval
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Figure: Keywords (left) and tags (right) with metadata “folksonomy” (F),
“tagging” (Tg), “tags” (T), “navigation” (N), “browsing” (B), and
“entropy” (E). Tag hierarchies are richer in structure than keyword hierarchies.
Structurally richer hierarchies are more stable and robust to the negative effects
of the user interface constraints.
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Example 1: Information Retrieval

Folksonomies and keyword hierarchies exhibit comparable quantitative
properties

We find interesting qualitative differences with regard to navigation

Folksonomies create more efficient navigational structures

They enable users to find target resources with fewer hops

Reason: greater overlap between tags provides better options for
users to switch between different parts of the network
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Example 2: Citation Latency

How early availability for accessing an article influences the citation
latency?

Citation latency: the time that it takes from the moment an article is
accepted for publication until it is cited in other (published) articles

Depending on the community, the process, the accessibility of the
journal this may range anywhere from 3 months to 1-2 years

Is the latency reduced by e.g. pre-print platforms

http://arxiv.org/ at Cornell

Paper

Tim Brody, Stevan Harnad, and Leslie Carr. 2006. Earlier Web usage
statistics as predictors of later citation impact: Research Articles.
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Example 2: Citation Latencyerroneously counted as one) and uncounted citations. No statistical analysis has been performed on Citebase’s linking
ability, mainly because such a study could only be performed through exhaustive human-verification of reference links
(even then, such a study would be subject to human error!).

Figure 3 Citation latency is the number of days between a citing and cited article being deposited (pair-values). This graph plots the frequency
of citation latencies by the year the cited article was deposited. Each line represents a different sample year, with newer sample years
containing more articles hence a higher line on the graph. The significance of this graph lies in the changing distribution of latencies, as e.g. for
articles deposited in 1992 the highest rate of citations occurred in the following year (+12 months). The delay before the highest rate of
citations has since decreased to seemingly nothing (see also Figure 4). Negative latencies occur when the citing article has an accession date
after the cited article. Negative latencies are due to three possible situations; a) an article is updated to include references to new articles (a
facility supported by arXiv.org), b) an article cites a published version for which the e-print was later deposited, or c) an author has cited an
article they know will exist but hasn’t yet been published (e.g. they have read a draft).

Correlation between Citations and Downloads
Correlation is a statistical measure of how two variables covary. Two positively correlated variables x and y will tend
to have high values of x paired with high values of y, and low values of x with low values of y. A negative correlation
is where high values of x are paired with low values of y. Correlation is a normalised, scale-independent measure based
on standard deviations above and below each variable’s mean - the raw values of x and y can be in any number range.
A correlation between x and y may occur because x influences y, y influences x, the influence is in both directions, or a
third variable influences both x and y. Intuitively, one would expect citations and downloads to exert a bi-directional
influence, cyclical in time: An author reads a paper A, finds it useful and cites it in a new paper B (download causes
citation). Another author reads B, follows the citation, reads A (citation causes download) and then perhaps goes on to
cite it in another paper, C (download causes citation), etc. The correlation will be less than 1.0, not only because we
don’t cite everything we read, nor read everything that a paper we read cites, but because both downloads and citations
are subject to other influences outside this read-cite-read cycle (e.g., from alternative discovery tools, or when authors
copy citations from papers they read without actually reading the cited works). We would expect reader-only users to
reinforce the cite-read influence (as users follow citations), but not to increase the cite-read influence as they do not
contribute citations to the system.
Monitoring the correlation between citations and downloads is also informative because although papers can be
downloaded and cited for as long as they are available, the peak rate of downloads and citations tend to occur at
different time periods. Articles in arXiv.org that are over a year old show an almost flat rate of downloads whereas their
citation rate shows a more linear rate of decay over the period of available data [Figure 4]. If there is a correlation
between citations and downloads, a higher rate of downloads in the first year of an article could predict a higher
number of eventual citations later.

created using Corda Builder

Figure: Changing distribution of latencies, e.g. for older articles the latency was
approx. 12 months or more. Recently, latency decreased to seemingly nothing.
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Example 2: Citation Latency

The latency between an article being uploaded and later cited has
reduced

From a peak at 12 months to no or small delay at all to the peak rate
of citations

This can be biased because of the possibility to revise the paper

However, it indicates that the authors are increasingly citing very
recent work that has yet to be published

Even new questions for the peer-review process?
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Example 3: Download vs. citation vs. readership

How downloads or an article compare to the number of citations that
article obtains

How readership data compares to the number of citations

Readership data is e.g. a number of mentions in Mendeley user
libraries

How downloads and readership compare

A study with Mendeley and Know-Center

Paper

Schlögl et al., Download vs. citation vs. readership data: the case of an
information systems journal
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Example 3: Download vs. citation vs. readership

Since time stamps of the readership data were not available at the date of analysis, we could 

not perform an obsolescence analysis. Instead, Table 7 displays how many times (full length) 

articles from the publication years 2002-2011 were mentioned in total in Mendeley user 

libraries. Contrary to downloads and in particular to citations, the distribution of the 

occurrences is relatively even. One reason why older articles do not have higher readerships 

could be that Mendeley started in 2009 and has become popular in 2010. 

Another interesting characteristic of Mendeley is its user structure. A preliminary analysis of 

the readers of the Journal of Strategic Information Systems revealed that by far the majority of 

them are students, in particular PhD students. 

Comparison among downloads, citations and readership data 

Figure 1 shows a medium to high relation among downloads, citations and readership data 

which is higher for downloads and citations (Spearman r = 0.77) and for downloads and 

readership data (Spearman r = 0.73). Among the ten most downloaded articles, seven (not the 

same) are in the top-10 readership and citation rankings. The correlation was lower between 

readership data and citations (Spearman r = 0.51) but in line with previous studies. For 

instance, Bar-Ilan (2012) calculated a correlation between Mendeley and Scopus for articles, 

reviews and conference papers from the Journal of the American Society of Information 

Science and Technology (publication years: 2001-2011) of 0.5 (data collection: April 2012). 

The correlation identified by Li, Thelwall and Giustini (2012) was similar between WoS 

citations and occurrences in Mendeley user libraries for articles having appeared 2007 in 

Nature (Spearman r=0.56) and Science (Spearman r=0.54) (data collection: July 2012). Only 

the analysis by Li and Thelwall (2012) found a higher correlation (Spearman r=0.68) between 

Mendeley and Scopus for 1397 genomics and genetics articles published in 2008 (data 

collection: January 2012). One reason for the lower correlation between Mendeley readership 

and citation data could be that Mendeley users have only been creating their libraries since 

2009. Therefore, older articles may have lower occurrences in comparison to downloads in 

ScienceDirect and, in particular, to citations in Scopus, where there was the possibility to 

download/cite them already before 2009. Another reason could be that Mendeley users are 

younger (most are PhD or Master students) who prefer more up-to-date articles. This could in 

particular be true for computer science. One indication for both arguments could be that there 

was one article from the publication years 2006, 2008, 2009 and 2010 respectively in the top-

10 readership ranking, while the most up-to-date article in the corresponding citation ranking 

was from 2005. 

 

    

Figure 1. Downloads vs. readers vs. cites, scattergram (publication year: 2002-2011, doc type: 

full length article, only articles cited at least once) (n=151) 

Conclusions and future research 

Our analyses revealed both commonalities and differences among citations, downloads and 

readership data. Citations and downloads have clear differences in their obsolescence charac-
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Figure: Spearman correlation r=0.77

Helic (KTI) Scientific Impact March 27, 2014 14 / 38



Example 3: Download vs. citation vs. readership

Since time stamps of the readership data were not available at the date of analysis, we could 

not perform an obsolescence analysis. Instead, Table 7 displays how many times (full length) 

articles from the publication years 2002-2011 were mentioned in total in Mendeley user 

libraries. Contrary to downloads and in particular to citations, the distribution of the 

occurrences is relatively even. One reason why older articles do not have higher readerships 

could be that Mendeley started in 2009 and has become popular in 2010. 

Another interesting characteristic of Mendeley is its user structure. A preliminary analysis of 

the readers of the Journal of Strategic Information Systems revealed that by far the majority of 

them are students, in particular PhD students. 

Comparison among downloads, citations and readership data 

Figure 1 shows a medium to high relation among downloads, citations and readership data 

which is higher for downloads and citations (Spearman r = 0.77) and for downloads and 

readership data (Spearman r = 0.73). Among the ten most downloaded articles, seven (not the 

same) are in the top-10 readership and citation rankings. The correlation was lower between 

readership data and citations (Spearman r = 0.51) but in line with previous studies. For 

instance, Bar-Ilan (2012) calculated a correlation between Mendeley and Scopus for articles, 

reviews and conference papers from the Journal of the American Society of Information 

Science and Technology (publication years: 2001-2011) of 0.5 (data collection: April 2012). 

The correlation identified by Li, Thelwall and Giustini (2012) was similar between WoS 

citations and occurrences in Mendeley user libraries for articles having appeared 2007 in 

Nature (Spearman r=0.56) and Science (Spearman r=0.54) (data collection: July 2012). Only 

the analysis by Li and Thelwall (2012) found a higher correlation (Spearman r=0.68) between 

Mendeley and Scopus for 1397 genomics and genetics articles published in 2008 (data 

collection: January 2012). One reason for the lower correlation between Mendeley readership 

and citation data could be that Mendeley users have only been creating their libraries since 

2009. Therefore, older articles may have lower occurrences in comparison to downloads in 

ScienceDirect and, in particular, to citations in Scopus, where there was the possibility to 

download/cite them already before 2009. Another reason could be that Mendeley users are 

younger (most are PhD or Master students) who prefer more up-to-date articles. This could in 

particular be true for computer science. One indication for both arguments could be that there 

was one article from the publication years 2006, 2008, 2009 and 2010 respectively in the top-

10 readership ranking, while the most up-to-date article in the corresponding citation ranking 

was from 2005. 

 

    

Figure 1. Downloads vs. readers vs. cites, scattergram (publication year: 2002-2011, doc type: 

full length article, only articles cited at least once) (n=151) 

Conclusions and future research 

Our analyses revealed both commonalities and differences among citations, downloads and 

readership data. Citations and downloads have clear differences in their obsolescence charac-

0

20

40

60

80

100

120

re
ad

e
rs

h
ip

 

downloads 

downloads vs. readers 

0

50

100

150

200

250

300

ci
te

s 

downloads 

downloads vs. cites 

0

50

100

150

200

250

300

0 50 100 150

ci
te

s 

readership 

readerhip vs. cites 

Figure: Spearman correlation r=0.51

Helic (KTI) Scientific Impact March 27, 2014 15 / 38



Example 3: Download vs. citation vs. readership

Since time stamps of the readership data were not available at the date of analysis, we could 

not perform an obsolescence analysis. Instead, Table 7 displays how many times (full length) 

articles from the publication years 2002-2011 were mentioned in total in Mendeley user 

libraries. Contrary to downloads and in particular to citations, the distribution of the 

occurrences is relatively even. One reason why older articles do not have higher readerships 

could be that Mendeley started in 2009 and has become popular in 2010. 

Another interesting characteristic of Mendeley is its user structure. A preliminary analysis of 

the readers of the Journal of Strategic Information Systems revealed that by far the majority of 

them are students, in particular PhD students. 

Comparison among downloads, citations and readership data 

Figure 1 shows a medium to high relation among downloads, citations and readership data 

which is higher for downloads and citations (Spearman r = 0.77) and for downloads and 

readership data (Spearman r = 0.73). Among the ten most downloaded articles, seven (not the 

same) are in the top-10 readership and citation rankings. The correlation was lower between 

readership data and citations (Spearman r = 0.51) but in line with previous studies. For 

instance, Bar-Ilan (2012) calculated a correlation between Mendeley and Scopus for articles, 

reviews and conference papers from the Journal of the American Society of Information 

Science and Technology (publication years: 2001-2011) of 0.5 (data collection: April 2012). 

The correlation identified by Li, Thelwall and Giustini (2012) was similar between WoS 

citations and occurrences in Mendeley user libraries for articles having appeared 2007 in 

Nature (Spearman r=0.56) and Science (Spearman r=0.54) (data collection: July 2012). Only 

the analysis by Li and Thelwall (2012) found a higher correlation (Spearman r=0.68) between 

Mendeley and Scopus for 1397 genomics and genetics articles published in 2008 (data 

collection: January 2012). One reason for the lower correlation between Mendeley readership 

and citation data could be that Mendeley users have only been creating their libraries since 

2009. Therefore, older articles may have lower occurrences in comparison to downloads in 

ScienceDirect and, in particular, to citations in Scopus, where there was the possibility to 

download/cite them already before 2009. Another reason could be that Mendeley users are 

younger (most are PhD or Master students) who prefer more up-to-date articles. This could in 

particular be true for computer science. One indication for both arguments could be that there 

was one article from the publication years 2006, 2008, 2009 and 2010 respectively in the top-

10 readership ranking, while the most up-to-date article in the corresponding citation ranking 

was from 2005. 

 

    

Figure 1. Downloads vs. readers vs. cites, scattergram (publication year: 2002-2011, doc type: 

full length article, only articles cited at least once) (n=151) 

Conclusions and future research 

Our analyses revealed both commonalities and differences among citations, downloads and 

readership data. Citations and downloads have clear differences in their obsolescence charac-

0

20

40

60

80

100

120
re

ad
e

rs
h

ip
 

downloads 

downloads vs. readers 

0

50

100

150

200

250

300

ci
te

s 

downloads 

downloads vs. cites 

0

50

100

150

200

250

300

0 50 100 150

ci
te

s 

readership 

readerhip vs. cites 

Figure: Spearman correlation r=0.73

Helic (KTI) Scientific Impact March 27, 2014 16 / 38



Example 3: Download vs. citation vs. readership

The results are in line with several other similar studies

Correlations do however change depending on the source of citations

Also depending on the journal or conference, scientific field, etc.

Strongly time dependent

Somewhat smaller correlation between readership and citations

Mendeley a new young system?

Mendeley user population?
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Question 3

How should we quantify the influence of
Social Media on scientific processes?
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Methodology

In all examples we measured a different thing and applied a different
methodology

Example 1: algorithmic approach to information retrieval

Example 2: distribution of citation latency

Example 3: non-parametric statistics with rank correlations

Should we also apply other methods?
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Time dependence

Traditional as well as new metrics are strongly time dependent

E.g. citation delay, time of the peak, etc.

Downloads are strongly time dependent as a different function of time

Social Media is even more sensitive to time and shorter time spans
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Example 4: Response dynamics

Now, we can include Social Media in the loop

Ask questions such as what is the download latency for pre-prints

How does Twitter influence the download latency?

How does Twitter influence the citation count?

A study with http://arxiv.org/

Paper

Shuai et al., How the Scientific Community Reacts to Newly Submitted
Preprints: Article Downloads, Twitter Mentions, and Citations
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Example 4: Response dynamics

H(ai)~Tlast(ai){t0

D(ai)~Tlast(ai){Tfirst(ai)

To distinguish between the delay and span of arXiv downloads

and twitter mentions, we simply denote Hax(ai), Dax(ai), Htw(ai),
Dtw(ai) respectively which are defined according to the above

provided definitions.

As shown in Figure 2, the delay is thus measured as the time

difference between the date of a preprint submission and a

subsequent spike in Twitter mentions (the day in which an article

receives the highest volume of related tweets) or arXiv downloads

(the day in which it receives the highest volume of downloads).

The time span is the temporal ‘‘duration’’ of the response,

measured as the time lag between the first and the last Twitter

mention or download of the article in question.

To illustrate delay and span, we examine in detail the response

dynamics for an article in the corpus, in Figure 3. The article in

question was submitted to arXiv on October 14, 2010. Time runs

horizontally from left to right. Downloads and Twitter mentions

are charted over time (weekly for downloads, daily for mentions).

As Figure 3 shows, the Twitter response to submission occurs

within a day, reaching a peak of nearly 40 daily mentions within

several days, and then slowly dies out over the course of the

following week. The peak of arXiv downloads, with over

16,000 weekly downloads, occurs a couple of weeks after

submission, and continues to be marked by downloads for months.

From a post hoc, ergo propter hoc point of view, in this case the Twitter

response occurs immediately and nearly exactly before the peak in

arXiv reads, suggesting that social media attention may have led to

subsequently higher levels of arXiv downloads.

Results

In this section, we present three results: descriptive statistics of

arXiv downloads and Twitter mentions, a temporal analysis of

time span and delay in arXiv downloads and Twitter mention, and

a regression analysis between arXiv downloads, Twitter mentions,

and early citations. For the descriptive statistics, we keep all 5,752

tweets and 4,415 articles mentioned on Twitter, since we want to

show a full picture of our data. For the subsequent temporal and

regression analysis we only focus on the 2,800 tweets and 1,710

arXiv articles mentioned by non-bot accounts to avoid spurious

effects introduced by automated bot accounts.

Domain-level descriptive statistics
Some descriptive statistics about the datasets analyzed in this

article are presented in Figure 4. The first row of plots in Figure 4

displays the arXiv subject domains of (a) downloaded, and (b)

Twitter mentioned papers (by percentage). A full list of the subject

domain abbreviations used in these plots is available in the

Materials section, Table 2. We observe a broad and evenly spread

distribution of subject domains for downloads and mentions: most

papers downloaded and mentioned on Twitter relate to Physics, in

particular Astrophysics, High Energy Physics, and Mathematics.

The second row of plots in Figure 4 displays the temporal

distributions of (c) downloads, and (d) Twitter mentions (the dotted

Figure 3. Response dynamics (Twitter mentions and arXiv downloads) for a selected arXiv preprint. As shown, for this particular
example, Twitter mentions spikes shortly after submission and publication, and wane quickly with very mentions after the initial burst. ArXiv
downloads peak shortly afterwards but continue to exhibit significant activity many weeks later.
doi:10.1371/journal.pone.0047523.g003

Figure 2. Span and delay of temporal distribution of arXiv
downloads or Twitter mentions over time expressed in terms
of time passed between submission of article and peak and
time passed between first and last event, respectively.
doi:10.1371/journal.pone.0047523.g002

Scholarly and Social Media Responses to Preprints

PLOS ONE | www.plosone.org 3 November 2012 | Volume 7 | Issue 11 | e47523

Figure: Twitter mentions spike shortly after submission and wane quickly,
whereas downloads peak shortly afterwards but continue to exhibit significant
activity many weeks later.
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Example 4: Response dynamics

Thus, we need an even more sophisticated methodology than simple
correlation measurements

Counting twitter mentions, downloads, and citations at different times
can lead to varying correlations

Time series analysis

Multivariate regression methods, etc.

Methodologically, a very interesting field!
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Example 4: Response dynamics

indicators will seem to be correlated, and even causative of each

other.

We therefore acknowledge that these observations can be the

result of a number of distinct or overlapping factors which our

methodology confounds and fails to distinguish. Consequently, we

caution against drawing the unwarranted conclusion that these

results indicate that the scholarly impact of an article can be fully

determined by its social media coverage, nor that one could

increase the citation rate of an article by merely tweeting about it.

The fact that some correlation – no matter how small – was

observed between social media coverage, usage, and early citations

may nevertheless indicate that the scientific communication

process is increasingly affected by the growing societal importance

of social media. In future research we will therefore continue to

focus on unraveling the potential mechanisms that tie these various

factors together. These efforts might shed light on whether and

how social media is becoming a component of academic and

scholarly life.

Materials

Abbreviations
Table 2 presents a list of the subject domain abbreviations used

in this article.

Data collection
Our process of determining whether a particular arXiv article

was mentioned on Twitter consists of three phases: crawling,

filtering, and organization. Tweets are acquired via the Streaming

API from Twitter Gardenhose, which represents roughly 10% of

the total tweets from public time line through random sampling.

We collected tweets whose date and time stamp ranges from 2010-

10-01 to 2011-04-30 which results in a sample of 1,959,654,862

tweets.

The goal of the data filtering process is to find all tweets that

contain a URL that directly or indirectly links to any arXiv.org

paper. However, determining whether a paper has or has not been

mentioned on Twitter is fraught with a variety of issues, the most

important of which is the prevalence of partial or shortened URLs.

Twitter imposes a 140 character limit on the length of Tweets, and

users therefore employ a variety of methods to replace the original

article URLs with alternative or shortened ones. Since many

Table 3. Multi variant linear regression analysis of article
citations C vs. twitter mentions T , article arXiv downloads A,
and time in days elapsed between beginning of our test
period and submission of article, P.

model b1 (st. error) b2 (st. error) b3 (st. error)

C = b1T+b2P+e1 0.150*** (0.035) 0.044**(0.019) –

C = b1A+b2P+e2 2e-04*** (7e-05) 0.038*(0.020) –

C = b1T+b2A+b3P+e3 0.120*** (0.040) 1e-04 (8e-05) 0.041**(0.019)

*: p,0.1,**: p,0.05,***: p,0.01,****: p,0.001.
doi:10.1371/journal.pone.0047523.t003

Figure 7. Log-log scatter plots of (a) Twitter mentions vs. arXiv
downloads, (b) Twitter mentions vs. citations and (c) arXiv
downloads vs. citations for 70 most mentioned articles on
Twitter indicate statistically significant correlations. Marginal
densities of distributions are shown as well, indicating strongly skewed
distributions of arXiv article downloads, Twitter mentions and citations.
doi:10.1371/journal.pone.0047523.g007

Scholarly and Social Media Responses to Preprints

PLOS ONE | www.plosone.org 7 November 2012 | Volume 7 | Issue 11 | e47523

Figure: Pearson correlation R for 70 most mentioned articles
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Example 4: Response dynamics
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model b1 (st. error) b2 (st. error) b3 (st. error)

C = b1T+b2P+e1 0.150*** (0.035) 0.044**(0.019) –

C = b1A+b2P+e2 2e-04*** (7e-05) 0.038*(0.020) –

C = b1T+b2A+b3P+e3 0.120*** (0.040) 1e-04 (8e-05) 0.041**(0.019)

*: p,0.1,**: p,0.05,***: p,0.01,****: p,0.001.
doi:10.1371/journal.pone.0047523.t003

Figure 7. Log-log scatter plots of (a) Twitter mentions vs. arXiv
downloads, (b) Twitter mentions vs. citations and (c) arXiv
downloads vs. citations for 70 most mentioned articles on
Twitter indicate statistically significant correlations. Marginal
densities of distributions are shown as well, indicating strongly skewed
distributions of arXiv article downloads, Twitter mentions and citations.
doi:10.1371/journal.pone.0047523.g007

Scholarly and Social Media Responses to Preprints

PLOS ONE | www.plosone.org 7 November 2012 | Volume 7 | Issue 11 | e47523

Figure: Pearson correlation R for 70 most mentioned articles

Helic (KTI) Scientific Impact March 27, 2014 25 / 38



Example 4: Response dynamics

indicators will seem to be correlated, and even causative of each

other.

We therefore acknowledge that these observations can be the

result of a number of distinct or overlapping factors which our

methodology confounds and fails to distinguish. Consequently, we

caution against drawing the unwarranted conclusion that these

results indicate that the scholarly impact of an article can be fully

determined by its social media coverage, nor that one could

increase the citation rate of an article by merely tweeting about it.

The fact that some correlation – no matter how small – was

observed between social media coverage, usage, and early citations

may nevertheless indicate that the scientific communication

process is increasingly affected by the growing societal importance

of social media. In future research we will therefore continue to

focus on unraveling the potential mechanisms that tie these various

factors together. These efforts might shed light on whether and

how social media is becoming a component of academic and

scholarly life.

Materials

Abbreviations
Table 2 presents a list of the subject domain abbreviations used

in this article.

Data collection
Our process of determining whether a particular arXiv article

was mentioned on Twitter consists of three phases: crawling,

filtering, and organization. Tweets are acquired via the Streaming

API from Twitter Gardenhose, which represents roughly 10% of

the total tweets from public time line through random sampling.

We collected tweets whose date and time stamp ranges from 2010-

10-01 to 2011-04-30 which results in a sample of 1,959,654,862

tweets.

The goal of the data filtering process is to find all tweets that

contain a URL that directly or indirectly links to any arXiv.org

paper. However, determining whether a paper has or has not been

mentioned on Twitter is fraught with a variety of issues, the most

important of which is the prevalence of partial or shortened URLs.

Twitter imposes a 140 character limit on the length of Tweets, and

users therefore employ a variety of methods to replace the original

article URLs with alternative or shortened ones. Since many

Table 3. Multi variant linear regression analysis of article
citations C vs. twitter mentions T , article arXiv downloads A,
and time in days elapsed between beginning of our test
period and submission of article, P.

model b1 (st. error) b2 (st. error) b3 (st. error)

C = b1T+b2P+e1 0.150*** (0.035) 0.044**(0.019) –

C = b1A+b2P+e2 2e-04*** (7e-05) 0.038*(0.020) –

C = b1T+b2A+b3P+e3 0.120*** (0.040) 1e-04 (8e-05) 0.041**(0.019)

*: p,0.1,**: p,0.05,***: p,0.01,****: p,0.001.
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Figure 7. Log-log scatter plots of (a) Twitter mentions vs. arXiv
downloads, (b) Twitter mentions vs. citations and (c) arXiv
downloads vs. citations for 70 most mentioned articles on
Twitter indicate statistically significant correlations. Marginal
densities of distributions are shown as well, indicating strongly skewed
distributions of arXiv article downloads, Twitter mentions and citations.
doi:10.1371/journal.pone.0047523.g007
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Example 4: Response dynamics

The results are highly suggestive of a strong tie between social media
interest, article downloads and even early citations

There are two different temporal patterns of activity

The volume of twitter mentions is statistically correlated with that of
both downloads and early citations

Two possible explanations: through exposition to twitter download
and citation behavior is affected

Second: intrinsic quality
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Interpretation

Causality vs. correlation

A correlation between x and y may occur because:
1 x influences y
2 y influences x
3 the influence is in both direction
4 a third variable influences both x and y

We need more analysis and interpretation
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Interpretation and interdisciplinary approach

Computer scientists are good at calculating things

But we lack knowledge in user behavior

We lack knowledge in community practices

Only interdisciplinary teams can interpret the results in a satisfactory
manner
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Question 4

Can we move beyond quantification to
modeling, predicting and understanding?
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Hypotheses

After observing, measuring and quantifying

Can we formulate hypotheses which can be tested?

Can such hypotheses explain the phenomena that we observe?

Can we use these models to predict new phenomena, e.g. the
scientific impact of an article?
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Example 5: Long-term predictability

Is there a long-term predictability in citation patterns?

Are there universal laws governing citation process across the fields,
authors, and journals

What are the parameters of such a universal model?

How does the model capture phenomena such as Social Media?

Paper

Wang et al., Quantifying Long-Term Scientific Impact
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Example 5: Long-term predictability

Extremely difficult because of impact heterogeneity

E.g. power laws in the impact, citation, download, or twitter
mentions distributions

by discipline-dependent variables (7, 15). To-
gether, these results offer convincing evidence
that the aggregated citation patterns are charac-
terized by generic scaling laws. Yet little is known
about the mechanisms governing the temporal
evolution of individual papers. The inherent dif-
ficulty in addressing this problem is well illus-
trated by the citation history of papers extracted
from the Physical Review (PR) corpus (Fig. 1A),
consisting of 463,348 papers published between
1893 and 2010 and spanning all areas of physics
(3). The fat-tailed nature of the citation distribution
30 years after publication indicates that, although
most papers are hardly cited, a few do have ex-
ceptional impact (Fig. 1B, inset) (2, 3, 7, 19, 20).
This impact heterogeneity, coupled with widely
different citation histories (Fig. 1A), suggests a
lack of order and hence lack of predictability in
citation patterns. As we show next, this lack of
order in citation histories is only apparent, because

citations followwidely reproducible dynamical pat-
terns that span research fields.

We start by identifying three fundamental
mechanisms that drive the citation history of in-
dividual papers:

Preferential attachment captures the well-
documented fact that highly cited papers are
more visible and are more likely to be cited again
than less-cited contributions (20, 21). Accord-
ingly a paper i’s probability to be cited again is
proportional to the total number of citations ci the
paper received previously (fig. S3).

Aging captures the fact that new ideas are in-
tegrated in subsequent work; hence, each paper’s
novelty fades eventually (22,23). The resulting long-
termdecay is best described by a log-normal survival
probability (Fig. 1C and supplementary materials
S2.1), where t is time; m indicates immediacy, gov-
erning the time for a paper to reach its citation peak;
and s is longevity, capturing the decay rate.

PiðtÞ ¼ 1ffiffiffiffiffi
2p

p
sit

exp −
ðln t − miÞ2

2s2i

" #
ð1Þ

Fitness, hi, captures the inherent differences
between papers, accounting for the perceived
novelty and importance of a discovery (24, 25).
Novelty and importance depend on so many
intangible and subjective dimensions that it
is impossible to objectively quantify them all.
Here, we bypass the need to evaluate a paper’s
intrinsic value and view fitness hi as a collec-
tivemeasure capturing the community’s response
to a work.

Combining these three factors, we can write
the probability that paper i is cited at time t after
publication as

PiðtÞ ˜ hictiPiðtÞ ð2Þ
Solving the associated master equation, Eq. 2
allows us to predict the cumulative number of

Fig. 1. Characterizing ci-
tationdynamics. (A) Yearly
citation ci(t) for 200 ran-
domly selected papers pub-
lished between 1960 and
1970 in the PR corpus. The
colorcodecorrespondstoeach
papers’ publication year. (B)
Average numberof citations
acquired 2 years after publi-
cation (c2) for papers with
the same long-term impact
(c30), indicating that forhigh-
impact papers (c30 ≥ 400,
shaded area) the early ci-
tations underestimate future
impact. (Inset) Distributionof
citations30years after pub-
lication (c30) for PR papers
published between 1950
and 1980. (C) Distribution
of papers’ ages when they
get cited. To separate the ef-
fect of preferential attach-
ment, we measured the
aging function for papers
with the samenumber of pre-
vious citations (here ct=20;
see also supplementary ma-
terials S2.1). The solid line
corresponds to a Gaussian fit
of the data, indicating that
P(ln∆t|ct) follows a normal
distribution. (D) Yearly ci-
tation c(t) for a research
paper from the PR corpus.
(E) Cumulative citations ct

for the paper in (D) togeth-
er with the best fit to Eq. 3
(solid line). (F)Data collapse
for 7775 papers with more
than 30 citations within 30
years in the PR corpus pub-
lished between 1950 and 1980. (Inset) Data collapse for the 20-year citation histories of all papers published by Science in 1990 (842 papers). (G) Changes in the citation
history c(t) according to Eq. 3 after varying the l, m, and s parameters, indicating that Eq. 3 can account for a wide range of citation patterns.

F GE

A

B C D
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Figure: Yearly citations of randomly selected articles from the Physical Review
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Example 5: Long-term predictability

Three basic mechanisms that drive the citation history of individual
papers:

1 Preferential attachment (rich-get-richer phenomenon)
2 New ideas are integrated in subsequent work: immediacy governs the

time to citation peak and longevity captures the decay rate
3 Fitness captures the intrinsic quality of a paper

Novelty and fitness depend on the community response to the work,
i.e. they capture also any influence coming from e.g. Social Media
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Example 5: Long-term predictability

Analytic solution of the model shows that the shape of citation
distribution depends on immediacy, longevity and fitness

But the long-term asymptotic behavior depends only on fitness

After long time citation distributions of all papers with the same
fitness converge regardless of their immediacy and longevity

In other words, only the intrinsic paper quality as perceived in a
particular community matters in the long run

Empirical analysis also confirms these theoretical results
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Example 5: Long-term predictability

citations acquired by paper i at time t after pub-
lication (supplementary materials S2.2)

cti ¼ m e
bhi
A F

ln t − mi
si

� �
− 1

2
4

3
5 ≡ m e

liF
ln t − mi

si

� �
− 1

" #

ð3Þ
where

FðxÞ ≡ ð2pÞ−1=2∫
x

−∞e
−y2=2dy ð4Þ

is the cumulative normal distribution,mmeasures
the average number of references each new paper

contains, b captures the growth rate of the total
number of publications (supplementary materials
S1.3), and A is a normalization constant (supple-
mentary materials S2.2). Hence m, b, and A are
global parameters, having the same value for all
publications. We have chosen m = 30 through-
out the paper, because our results do not depend
on this choice (supplementary materials S2.3).
Equation 3 represents a minimal citation model
that captures all known quantifiable mecha-
nisms that affect citation histories. It predicts
that the citation history of paper i is characterized
by three fundamental parameters: the relative fit-

ness, li ≡ hib=A, capturing a paper’s importance
relative to other papers; mi; and si. By using the
rescaled variables t̃ ≡ ðln t − miÞ=si and c̃ ≡
lnð1þ cti=mÞ= li, we obtain our main result

c̃ ¼ Fðt̃ Þ ð5Þ

predicting that each paper’s citation history should
follow the same universal curve Fðt̃Þ if rescaled
with the paper-specific (li, mi, and si) parameters.
Therefore, given a paper’s citation history, that is,
t and cti , we can obtain the best-fitted three pa-
rameters for paper i by using Eq. 3. To illustrate
the process, we selected a paper from our corpus,
whose citation history is shown in Fig. 1, D and E.
We fitted to Eq. 3 the paper’s cumulative citations
(Fig. 1E) by using the least square fit method,
obtaining l = 2.87, m = 7.38, and s = 1.2. To il-
lustrate the validity of the fit, we show (Fig. 1E)
the prediction of Eq. 3 using the uncovered fit
parameters.

To test the model’s validity, we rescaled all
papers published between 1950 and 1980 in the
PR corpus, finding that they all collapse into
Eq. 5 (Fig. 1F, see also supplementary materials
S2.4.1 for the statistical test of the data collapse).
The reason is explained in Fig. 1G: By varying l,
m, and s, Eq. 3 can account for a wide range of
empirically observed citation histories, from jump-
decay patterns to delayed impact. We also tested
our model on all papers published in 1990 by 12
prominent journals (table S4), finding an excep-
tional collapse for all (see Fig. 1G, inset, for Science
and supplementary materials S2.4.2 and fig. S8
for the other journals).

The model Eqs. 3 to 5 also predicts several
fundamental measures of impact:

Ultimate impact (c∞) represents the total
number of citations a paper acquires during its
lifetime. By taking the t → ∞ limit in Eq. 3, we
obtain

c∞i ¼ mðeli − 1Þ ð6Þ
a simple formula that predicts that the total number
of citations acquired by a paper during its lifetime
is independent of immediacy (m) or the rate of
decay (s) and depends only on a single parameter,
the paper’s relative fitness, l.

Impact time (T*i ) represents the character-
istic time it takes for a paper to collect the bulk
of its citations. A natural measure is the time nec-
essary for a paper to reach the geometric mean of
its final citations, obtaining (supplementary ma-
terials S2.2)

T �
i ≈ expðmiÞ ð7Þ

Hence, impact time is mainly determined by the
immediacy parameter mi and is independent of
fitness li or decay si.

The proposedmodel offers a journal-freemeth-
odology to evaluate long term impact. To illus-
trate this, we selected three journals with widely
different IFs:Physical Review B (PRB) (IF = 3.26
in 1992), Proceedings of the National Academy of
Sciences USA (PNAS) (10.48), and Cell (33.62).

Citation and Impact Factor Citation and Impact Factor 

A D

B E

C F

Year 2

Year 4

Year 10

Year 20

Cell
PNAS
PRB

Fitness Selection Citation and Impact Factor 
  Selection

Year 2

Year 4

Year 10

Year 20

Fig. 2. Evaluating long-term impact. (A) Fitness distribution P(l) for papers published by Cell, PNAS,
and PRB in 1990. Shaded area indicates papers in the l ≈ 1 range, which were selected for further study.
(B) Citation distributions for papers with fitness l ≈ 1, highlighted in (A), for years 2, 4, 10, and 20 after
publication. (C) Time-dependent relative variance of citations for papers selected in (A). (D) Citation
distribution 2 years after publication [P(c2)] for papers published by Cell, PNAS, and PRB. Shaded area
highlights papers with c2∈[5,9] that were selected for further study. (E) Citation distributions for papers
with c2∈[5,9], selected in (D), after 2, 4, 10, and 20 years. (F) Time-dependent relative variance of
citations for papers selected in (D).
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Figure: Convergence of citation distributions
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Summary

Social Media influences the scientific process

We can quantify that impact in various ways

We need sound methodologies for the quantification

We need interdisciplinary research for interpretation of the results

Recent results indicate that the intrinsic quality of a paper is the only
indicator of its long-term impact

Short term impact can be influenced by Social Media
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Thank You!

Questions?
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