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Abstract
A number of new metrics based on social media platforms—grouped under the term “alt-

metrics”—have recently been introduced as potential indicators of research impact. Despite

their current popularity, there is a lack of information regarding the determinants of these

metrics. Using publication and citation data from 1.3 million papers published in 2012 and

covered in Thomson Reuters’Web of Science as well as social media counts from Alt-

metric.com, this paper analyses the main patterns of five social media metrics as a function

of document characteristics (i.e., discipline, document type, title length, number of pages

and references) and collaborative practices and compares them to patterns known for cita-

tions. Results show that the presence of papers on social media is low, with 21.5% of pa-

pers receiving at least one tweet, 4.7% being shared on Facebook, 1.9%mentioned on

blogs, 0.8% found on Google+ and 0.7% discussed in mainstreammedia. By contrast,

66.8% of papers have received at least one citation. Our findings show that both citations

and social media metrics increase with the extent of collaboration and the length of the ref-

erences list. On the other hand, while editorials and news items are seldom cited, it is these

types of document that are the most popular on Twitter. Similarly, while longer papers typi-

cally attract more citations, an opposite trend is seen on social media platforms. Finally,

contrary to what is observed for citations, it is papers in the Social Sciences and humanities

that are the most often found on social media platforms. On the whole, these findings sug-

gest that factors driving social media and citations are different. Therefore, social media

metrics cannot actually be seen as alternatives to citations; at most, they may function as

complements to other type of indicators.
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Introduction
The measurement of scientific publications and citations has a long tradition. As far back as
the early 20th century, scholars studied the characteristics of scientific papers and their bibliog-
raphies, mainly in a library management context [1,2], measuring the research productivity of
researchers [3], the frequency of words in texts [4] and the scattering of scientific literature [5];
these landmark papers formed the basic laws of bibliometrics. The creation of the Science Cita-
tion Index in the 1960s [6] stimulated research on the relationship between citations and pa-
pers’ characteristics, such as their collaboration [7], length [8], or number of references [9].
Theories have also been suggested to explain the citation process, which provided a framework
for the use of citations in research evaluation and information retrieval [10–15]. Subsequently,
in the natural and medical sciences, bibliometric indicators are generally recognized as indica-
tors of scientific activity and impact, despite continuous debates on their validity and useful-
ness in a research evaluation context [16–19]. The knowledge drawn from these studies has
helped to understand publication and citation behavior and has informed the construction of
appropriate bibliometric indicators.

More recently, with the advent of social media in scholarly communication, a spectrum of
social media-based metrics—generally regrouped under the umbrella term “altmetrics”—have
been proposed as alternatives to citation-based indicators [20–22]. Embedded in the social
web, this new family of indicators has the ambition, in the eyes of many, to estimate scientific
impact much faster than citations, and to measure the impact of scientific discoveries outside
the scientific community. There is an important ongoing discussion around them, ranging
from conceptual issues and terminology [23] to their actual signification and usefulness
[24–27]. So far, most of the studies have focused on determining the amount of papers that re-
ceive attention (i.e., have been covered) on the various platforms [27–29] as well as the correla-
tion between citations and various social media event counts, with the aim of determining
whether both types of indicators measure similar concepts [28,30,31]. Most studies show that,
although citations and the new metrics are to some extent positively correlated, these correla-
tions are very weak—except for Mendeley, which shows a moderate positive correlation with
citations [31–33]. Despite this correlation, it has become clear that social medial metrics and ci-
tations indicate different aspects of the diffusion and use of scientific documents, and that the
former cannot be considered a replacement of the latter [28,30,34]. For example, papers with
funny titles, curious topics and “the usual trilogy of sex, drugs, and rock and roll” [35] are
among the most popular on Twitter. Whether various social media platforms can serve as
sources of valid indicators of the broader impact of scientific papers remains to be proven.

Since previous research has mostly focused on the relationship between social media men-
tions and citations, little is known about the factors influencing social media counts. The goal
of this paper is to contribute to this understanding by exploring, by scientific domain, the rela-
tionship between scientific papers’ characteristics—such as number of pages and references,
title length and collaboration patterns—and the different social media metrics. More specifical-
ly, the paper aims at answering the following research questions:

• What is the prevalence—as measured through coverage, density and intensity—of social and
mainstream media mentions of papers across scientific fields and how does it vary by docu-
ment type?

• How are various document characteristics—such as number of pages and references, title
length and number of authors, institutions and countries—influencing social media men-
tions and citations?
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• Which type of documents—articles, reviews, news items, editorials, etc.—receive the most at-
tention on Twitter, Facebook, Google+, blogs and in mainstream media?

Social and mainstream media metrics analyzed in this paper include scientific blogs, Twit-
ter, Facebook, Google+ and mainstream media and newspaper mentions, as covered by Alt-
metric.com. By combining these various social media sources with traditional bibliometric
indicators, this paper aims to perform the first large-scale characterization of the drivers of so-
cial media metrics and to contrast them with the patterns observed for citations—the latter
being much better known. Comparing these patterns to what is already known about citations
will aid in the understanding of these new metrics and, it is hoped, to guide much needed quali-
tative studies on user motivations and the various processes behind these counts.

Materials and Methods

Databases
Publication and citation data was drawn from Thomson Reuters’Web of Science (WoS),
which includes the Science Citation Index Expanded, the Social Science Citation Index and the
Arts and Humanities Citation Index. These three databases annually index documents pub-
lished in about 12,000 journals, covering all areas of research. The disciplinary classifications
used in this paper are those of the Leiden Ranking (LR) 2013, which places journal-based WoS
subject categories into five main scientific disciplines. An important characteristic of this classi-
fication is that publications in general multidisciplinary journals such as Nature, PNAS, and
Science are assigned to a specific field based on their referencing behavior, avoiding a problem-
atic heterogeneous multidisciplinary category. In order to study the differences across docu-
ment types, we have used the WoS document type classification. Although imperfect—
particularly when it comes to distinguishing standard articles from reviewarticles [36]—this
classification has the advantage of being homogeneous across all disciplines and being easily
applicable to our dataset. We also identified retracted papers and retraction notices by retriev-
ing papers with titles that respectively begin with or included the strings “retracted” or “retrac-
tion”, as this is how these documents are labeled in WoS.

Only papers published in 2012 were considered (N = 1,339,279), as this year provides the
best compromise between the length of the citation window—citations to papers take time to
accumulate—and the recent uptake of social media activity [25]. Citations to 2012 papers were
counted until the end of 2013, which allows for a citation window of at least one complete year.
Selecting 2012 publications also has the advantage of guaranteeing complete coverage of social
media data for the whole year, as Altmetric.com started data collection mid-2011 [30].

Altmetric.com was chosen as the data source for social media and mainstream media
counts, as it is the most comprehensive source of social media data associated with scientific
papers [29]. The exception to this is Mendeley, for which Altmetric.com covers readership
counts only for publications that are mentioned in at least one of the other covered social
media platforms, thus underestimating Mendeley coverage. Because of this limitation, Mende-
ley data has been excluded from this analysis. Altmetric.com data includes counts collected up
to 18/10/2013. Given the quick uptake of social media-based indicators (excluding Mendeley)
reported by Thelwall et al. [25], we consider that the social media activity window of nearly a
full year considered in this study is long enough to cover the vast majority of social media activ-
ity around papers published in 2012.

As the Digital Object Identifier (DOI) was used as the linkage between WoS and Altmetric.
com data, publications are limited to those with a DOI as recorded in WoS. As one might ex-
pect, the DOIs are not available evenly across scientific disciplines. While, for most fields, the
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proportion of journals with publications with a DOI is very high (e.g. higher than 70% of all
journals in most fields, see Supporting Information, S1 Fig), a substantial share of journals
(30%), particularly in the Social Sciences and Humanities, do not use DOIs as a standard docu-
ment id. Hence, for papers published in the latter group of journals, results from Altmetric.
com are more likely to underestimate their actual online visibility, which represents a limita-
tion of this study (as well as the great majority of social media metrics analyses).

Indicators and variables
Several indicators are used in this paper comparing traditional publication and citations indica-
tors with social media counts. While document characteristics and collaboration indicators are
considered as independent variables, citations, blog posts, Twitter users, Facebook, Google+
shares and mainstream media mentions serve as dependent variables. All of these metrics have
been compiled at the paper-level and are presented below with abbreviations provided in
square brackets.

Dependent variables

• Citations

• Number of citations [C]: absolute number of citations received by publications until the
end of 2013, including self-citations. We considered absolute instead of normalized cita-
tions for better comparison with social media counts.

• Number of self-citations [SC]: number of self-citations received by publications until the
end of 2013. A self-citation is counted when the cited and the citing paper have at least one
author in common.

• Social and mainstream media counts (more information on the data extraction by Altmetric.
com can be found in http://www.altmetric.com/sources.php)

• Scholarly blog posts monitored by Altmetric.com [B];

• Number of unique Twitter users [T];

• Public Facebook shares [F]: number of public mentions by Facebook users;

• Google+ mentions [G];

• News and mainstream media outlets [M].

Independent variables

• Document characteristics

• Scientific discipline according to the Leiden Ranking classification [LR];

• Document type [DT];

• Number of pages [PG]: absolute number of pages of a publication derived from the begin-
ning and end page of a document. Absolute numbers of pages were used instead of normal-
ized value in order to present easily interpretable values. In any case, in future research
normalized approaches should be included in order to explore this factor more thoroughly;
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• Number of references [NR]: number of cited sources in the reference list, this includes all
cited documents including non-source items;

• Number of characters in title [TI]: length of a document’s title in the number of characters.

• Collaboration

• Number of authors [AU]: number of authors that signed a document;

• Number of institutions [IN]: number of distinct institutions to which authors of the docu-
ment were affiliated;

• Number of countries [CU]: number of distinct countries found in the authors’ addresses.

The prevalence of social media metrics is measured through coverage, density and intensity of the
respective metrics. Coverage is defined as the percentage of papers with at least one social media
event or citation. Density is the average number of social media counts or citations per paper (i.e.
considering all publications included in the study), while intensity indicates the average number of
social media or citation counts for all documents with at least one event (non-zero counts). While
coverage reflects the probability of a document to be cited or mentioned on the particular platform,
the intensity rate aims to measure the frequency or popularity with which documents are (re-)used
once they are on the platform. Density indicates the average popularity across all documents and is
heavily influenced by the uptake of the particular social media platform as well as the ability of Alt-
metric.com to capture counts, whereas the intensity indicator remains independent of the coverage
and zero values. All three indicators should be considered in order to explain the differences be-
tween citations and various social media indicators. In addition to these three indicators, we calcu-
lated Spearman correlations between all metrics based on all documents as well as correlations
between citations and blog, Twitter, Facebook, Google+ and mainstreammedia counts, excluding
documents with respective zero counts for each indicator. Simple linear regression analyses were
performed for citations and social and mainstreammedia counts as a function of the number of
pages, references, number of characters in the title, authors, institutions and countries.

Results and Discussion

Scientific Disciplines
Table 1 presents density (i.e. mean event per paper) and coverage (i.e. percentage of papers with at
least one event) for social and mainstreammedia counts and citations as well as documents char-
acteristics and collaboration indicators for all 1,399,279 documents inWoS and per LR field. It
shows that the social media platform with the greatest prevalence is Twitter, with 21.5% of all pub-
lications tweeted at least once and 0.78 times on average. The values for the other social media
counts are extremely small with coverage values below 5% and density below 0.1 in all cases. Twit-
ter is followed by Facebook, blogs, Google+ and mainstreammedia in terms of density and cover-
age. Due to the low uptake of social media activity associated with these documents, the citation
density (i.e., the average citation rate, 3.17) is much higher than any of the social media metrics. In
fact, two-thirds of all 2012 papers had received at least one citation by the end of 2013, this being a
sign of the stronger prevalence of citations over social media metrics across scientific publications,
quite contrary to the belief that social media metrics can overcome citation delay.

Twitter density is higher in Social Sciences (1.33), Biomedical and Health Sciences (1.28), as
well as Life and Earth Sciences (1.03), but very low in Mathematics and Computer Science
(0.36) and Natural Sciences and Engineering (0.34). Similar differences across fields were also
observed for 2011 publications [30]. These findings suggest a certain tendency towards some
topics and fields of research to enjoy greater popularity among social media users as compared
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to others. It could be argued that disciplines that have stronger ties to society (e.g. Social Sci-
ences and Humanities) or deal with specific concerns of people’s everyday lives (health or envi-
ronmental problems; i.e., Biomedical and Health Sciences and Life and Earth Sciences) have a
higher probability of appearing on social media platforms than publications from more techni-
cal and applied disciplines (e.g. Natural Sciences and Engineering) or with a higher technical
and complexity component (e.g. Mathematics and Computer Science). A simple explanation
might be that the general public is more able to understand and relate to “softer” science topics
than complex technical issues from Physics, as the latter generally makes use of a very formal
language. Another explanation might be that researchers from Natural Sciences, Engineering,
Computer Science and Mathematics are less active on Twitter.

Similar patterns can be observed for public Facebook posts which are most frequent in Biomedi-
cal and Health Sciences (density = 0.14, coverage 7.5%) and blogs, which appear more frequently in
Life and Earth Sciences (2.9% coverage) and Social Sciences and Humanities (2.7%), and are hardly
visible for papers inMathematics and Computer Sciences (0.8%). Google+ posts occur sparsely, with
slightly higher prevalence in Social Sciences and Humanities (1.1% coverage). Mainstreammedia
and news seem to show the least pronounced differences between disciplines, althoughMathematics
and Computer Science remains the LR discipline with the lowest media coverage (0.3%). Finally, re-
sults for document types and collaboration indicators show known patterns; for example, reference
lists are significantly longer in Life and Earth Sciences (43.7) than inMathematics and Computer
Science (27.4), and the number of authors is the smallest in Social Sciences andHumanities (1.7). Re-
lationships between these characteristics and social media metrics will be analyzed below.

Table 1. Density and coverage per LR field.

Leiden Ranking field Document
characteristics

Collaboration Citations Social and mainstream media
counts

PG NR TI AU IN CU C SC B T F G M

Total, N = 1,339,279 Density 9.26 36.06 96.45 2.13 5.15 1.32 3.17 0.81 0.03 0.78 0.08 0.01 0.01

Std. dev. 7.60 31.47 36.39 3.58 35.81 0.95 8.02 1.70 0.29 7.03 1.16 0.30 0.17

Coverage n/c 66.8 n/c 1.9 21.5 4.7 0.8 0.7

Biomedical & health sciences, N = 595,254 Density 7.73 35.96 100.91 2.32 5.55 1.31 3.57 0.75 0.03 1.28 0.14 0.02 0.01

Std. dev. 6.73 33.08 38.37 2.38 4.96 0.84 8.98 1.63 0.32 8.71 1.57 0.33 0.19

Coverage n/c 70.1 n/c 2.1 31.7 7.5 1.0 0.7

Life & earth sciences, N = 254,817 Density 9.88 43.70 105.13 2.25 4.85 1.40 3.44 0.96 0.05 1.03 0.11 0.02 0.02

Std. dev. 6.67 31.65 35.12 1.78 4.24 0.83 7.34 1.73 0.44 9.53 1.15 0.33 0.29

Coverage n/c 74.3 n/c 2.9 21.6 5.7 1.0 1.3

Mathematics & computer science, N =
135,445

Density 12.74 27.39 81.37 1.81 3.18 1.31 1.70 0.56 0.01 0.36 0.03 0.01 0.01

Std. dev. 8.48 19.58 28.20 1.16 2.79 0.61 4.77 1.29 0.24 5.68 0.58 0.39 0.15

Coverage n/c 54.6 n/c 0.8 7.5 1.5 0.4 0.3

Natural sciences & engineering, N =
413,862

Density 8.78 35.39 97.22 2.11 6.33 1.35 3.83 1.13 0.03 0.34 0.03 0.01 0.01

Std. dev. 6.61 29.22 33.57 5.65 64.07 1.24 9.07 2.09 0.27 5.16 0.50 0.32 0.19

Coverage n/c 73.7 n/c 1.8 12.9 2.3 0.6 0.8

Social sciences & humanities, N = 159,389 Density 12.62 37.56 82.18 1.69 2.47 1.21 1.43 0.35 0.05 1.33 0.10 0.02 0.01

Std. dev. 8.79 32.16 33.24 1.29 2.31 0.59 3.33 0.92 0.44 13.86 1.55 0.39 0.22

Coverage n/c 45.8 n/c 2.7 26.0 4.8 1.1 0.9

Density (mean and standard deviation) and coverage (%) for document characteristics, collaboration, citations and social and mainstream media counts

by LR fields.

doi:10.1371/journal.pone.0120495.t001
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Document types
Table 2 provides an overview of the coverage (C), density (D) and intensity (I) of different met-
rics across document types to explore whether certain types of publications types attract greater
audiences or are more popular on the various platforms. Less important document types (i.e.,
occurring less than 2,300 times, 0.03% of 1,339,279) are not shown. While coverage and density
reflect the percentage of papers with at least one count and the average number of counts per
paper as shown in Table 1 above, intensity measures the average number of counts for docu-
ments excluding zero values and thus reflects the rate with which documents are (re-)used
once they are on the platform independently of the coverage.

As to be expected, Table 2 shows that research articles make up the vast majority of docu-
ment types (84.6%), followed by reviews (4.8%), editorials (4.5%), letters (2.2%) and book re-
views (1.6%). As already known from bibliometric studies [37], reviews are on average cited
much more than any other document type (7.48), and low citedness rates (i.e. the percentage of
documents with citations) can be observed for book reviews (1.03%), meeting abstracts
(3.08%), biographical items (6.52%), corrections (11.9%), news items (28.1%), letters (34.2%)
and editorial material (36.3%).

However, it is apparent that these patterns do not apply to the social media metrics. The
probability to appear on Twitter is the highest for news items. While the overall percentage of
documents with at least one tweet is at 21.5%, the probability for a news item to be tweeted is
almost twice as high (42.3%). A more detailed analysis on journal level revealed that 23.4%
(27.5% if merged with BMJ-British Medical Journal) of all 4,880 publications declared as news
items were published in the British Medical Journals, 11.3% in Veterinary Record, 7.2% in Plant
Disease and 4.7% in the Canadian Medical Association Journal. The fact that BMJ receives
62.4% (70.6%) of all tweets to news items and has a Twitter account (@bmj_latest) with more
than 15,200 tweets and 127,000 followers raises another issue of the role of journal Twitter poli-
cies on Twitter impact of its papers and the general easiness to alter social media metrics. Re-
views (36.2%) show the second highest Twitter coverage, followed by editorials (27.3%) and,
finally, articles (21%). Although much lower, similar patterns can be observed for Google+
(news items 3.9%, reviews 1.3%, editorials 1.3%), Facebook (reviews 8.8%, news items 7.4%, ed-
itorials 7.4%) and blogs (reviews 2.5%, editorials 2.3%, news 2.2%), while mainstream media
focus more on editorial material (0.8%) and articles (0.7%), albeit with much lower coverage.
Mainstream media do not pick up book reviews or biographical items. Contrary to all other
metrics, blogs are more likely to pick up corrections, which might be an indicator for them to
discuss errors or retracted papers. Upon closer investigation, we found that the average number
of mentions of retraction notices (338 retraction notices were identified by searching for “re-
traction”: containing “retraction” or papers beginning with “retraction” in the paper title. This
includes all retraction notices published in 2012.) and retracted papers (164 retracted papers
were identified by searching for “retracted”: containing “retracted” or beginning with “re-
tracted” in the paper title. This includes all papers from 2012 which have been identified as re-
tracted in WoS until mid-2013) in blogs is particularly high, a finding that might be due to
blogs like Retraction Watch (http://retractionwatch.com/), which cover most retracted papers.
Compared to an average of 0.03 blog posts for all documents (density), retraction notices are
on average mentioned in blogs 0.35 times, and retracted papers 0.25 times. Mainstream media
discuss retracted papers more often (0.03) than all documents on average (0.01) but do not
(formally) cite the retraction notice. On Twitter, both retraction notices (1.10) and retracted
papers (1.12) are mentioned more frequently than all papers on average (0.78).

Interestingly, news items and editorial material actually exhibit the highest density of tweets,
even exceeding citation density. According to WoS ‘editorial material’ is defined as “an article
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that gives the opinions of a person, group, or organization. This includes editorials, interviews,
commentary, and discussions between individual, post-paper discussions, round table sympo-
sia, and clinical conferences”. It is however important to remark that the definition of ‘editorial
material’ in the WoS is not free of limitations, and it has been discussed that some publications
labeled with this document type could be also considered as more regular articles [38]. In other
words, these document types receive on average more tweets than citations. This fact supports
the idea that document types that focus on topical subjects, debates and opinions, which are
probably presented in simpler and less technical language, are more likely to appear and be-
come popular on Twitter.

Independent of the probability of a certain document type to be mentioned on various plat-
forms, the intensity confirms the popularity of news items on Twitter. Each news item men-
tioned on Twitter is (re-)tweeted by 7.1 users on average. Although the probability of editorials
to be tweeted is slightly lower than that of reviews, they manage to attract a larger audience, re-
flected by an average of 5.8 users per tweeted document. Reviews (3.8) and articles (3.5) receive
almost the same attention once on Twitter. However, based on the density, which is influenced
by the coverage, review articles (1.4) are tweeted twice as much as articles (0.7). This analysis

Table 2. Prevalance of citations and social media metrics per document type.

all Article Biographical
Item

Book
Review

Correction Editorial
Material

Letter Meeting
Abstract

News
Item

Review

N 1,338,885 1,132,428 2,302 21,710 9,817 60,533 29,410 13,071 4,880 64,734

% 99.97 84.56 0.17 1.62 0.73 4.52 2.20 0.98 0.36 4.83

Citations C 66.86 71.06 6.52 1.03 11.94 36.28 34.19 3.08 28.11 85.08

D 3.17 3.24 0.10 0.01 0.22 1.05 0.80 0.04 0.72 7.48

I 4.74 4.55 1.48 1.10 1.83 2.90 2.33 1.17 2.55 8.80

Blogs C 1.86 1.88 0.70 0.14 2.19 2.34 0.82 0.03 2.23 2.51

D 0.03 0.03 0.01 0.00 0.02 0.03 0.01 0.00 0.03 0.03

I 1.51 1.53 1.00 1.00 1.09 1.48 1.49 1.00 1.19 1.31

Twitter C 21.50 20.99 13.03 5.16 10.33 27.34 18.16 2.09 42.48 36.17

D 0.78 0.74 0.34 0.09 0.18 1.59 0.45 0.04 3.02 1.38

I 3.65 3.50 2.62 1.83 1.76 5.81 2.46 1.93 7.10 3.81

Facebook C 4.70 4.49 2.74 1.24 1.29 7.41 3.36 0.22 7.36 8.80

D 0.08 0.08 0.03 0.01 0.01 0.15 0.05 0.00 0.12 0.16

I 1.78 1.77 1.25 1.07 1.03 1.98 1.35 1.03 1.57 1.84

Google+ C 0.75 0.72 0.26 0.04 0.19 1.25 0.44 0.02 3.85 1.34

D 0.01 0.01 0.00 0.00 0.00 0.02 0.01 0.00 0.04 0.02

I 1.66 1.70 1.17 1.00 1.16 1.64 1.49 1.00 1.11 1.39

Mainstream
media

C 0.69 0.72 0.00 0.00 0.07 0.82 0.19 0.01 0.37 0.61

D 0.01 0.01 0.00 0.00 0.00 0.01 0.00 0.00 0.01 0.01

I 1.54 1.57 n/a n/a 1.14 1.32 2.05 1.00 1.44 1.25

Coverage (C): percentage of document types with at least one citation, tweet, blog, mainstream media, Facebook or Google+ mention. Density (D):

average number of events per paper for all papers and Intensity (I): average number of events per paper for those with at least one event. Document

types which occurred less than 2,300 times in 2012 were excluded from the analysis. (Excluded document types include Poetry (165 papers), Reprint

(66), Art Exhibit Review (35), Software Review (31), Bibliography (29), Theater Review (21), Record Review (14), Fiction, Creative Prose (10), Film

Review (8), Music Score Review (6), TV Review, Radio Review (2), Database Review (1), Abstract of Published Item (1), Excerpt (1), Music Performance

Review (1) and Music Score (1). For an explanation of WoS document types see http://images.webofknowledge.com/WOKRS59B4/help/WOS/hs_

document_type.html.)

doi:10.1371/journal.pone.0120495.t002
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also allows for exploring some of the other social media sources in more detail. For example,
we can see a slightly higher intensity of blog mentions for articles, letters and editorial material.
Mainstream media mentions mention letters, news items and editorial material more frequent-
ly. However, density scores are very low overall due to the large number of documents without
any captured activity on these platforms. Regardless of the low uptake, the intensity reveals
slight differences between Facebook, Google+, media and blogs, although low scores close to 1
indicate that in general, social and mainstream media metrics are binary. Mainstream media
seem to occur twice as often for letters and Facebook posts twice as often for editorials. Google
+ users seem to (re-)post slightly more articles, whereas blogs occur more than once for articles,
letters and editorial material. Taking into account documents without any social media counts
(density), hardly any signals can be observed with the exception of Facebook for reviews (0.16),
editorial material (0.15) and news items (0.12).

The distribution of counts across document types (Fig. 1) (i.e. the percentage of citations
and social media mentions referring to a certain document type) shows that citations are con-
centrated mainly on articles and review papers. However, blogs mention reviews less frequently
(5.6% vs. 11.4%), editorials more often (5.6% vs. 1.5%) and corrections more often (0.6% vs.
0.1%). These results are similar but not identical to findings by Shema, Bar-Ilan and Thelwall
[39], who analyzed the references in a sample of 391 blogs posts from the health category of
Researchblogging.org and found that 71% of blog citations referred to articles, 14% to reviews,
3% to editorials, 2% to books, 2% to government and non-profit documents, 2% to proceedings
and meeting abstracts, 2% to letters and 1% to news items. Mainstream media reference the
largest share of articles (90.8%), followed by editorial material (4.6%) and reviews (3.5%), and
Twitter with the lowest share of articles (79.2%) and highest share of editorials (9.1%) and
news items (1.4%). This confirms findings shown in Table 2 and again underlines the impor-
tance of editorials and news on Twitter. Google+ and Facebook are comparable to the docu-
ment type distribution on Twitter, with slightly higher shares of articles and fewer editorials as
well as more reviews and fewer news items in the case of Facebook.

The results from Table 2 and Fig. 1 confirm that the document type influences the visibility
of publications on social media. However, the document types which have a greater visibility
on social media are not the same as those which have the highest citations. Most strikingly is
the importance of news items and editorial material on Twitter, which supports the idea that
newer, simpler and easy to understand publications attract the largest audiences on social
media. The fact that review papers are also among the most covered across the different social
media sources (with the exception of mainstream media, Table 2) suggests that publications
that synthesize previous knowledge are attractive on Twitter.

Correlations
This section focuses on the relationship between social media counts and bibliometric indica-
tors. Table 3 presents Spearman correlations between these metrics based on all 1,339,279 doc-
uments (upper half of matrix) as well as those with the non-zero values of the respective social
media events (lower half, values in italics). While the former values provide the general correla-
tion between the new metrics and citations, the latter disregard documents with zero values for
the social media metrics in a similar manner to the intensity shown in Table 2. Discipline-
specific correlations on the level of the five LR fields can be found in S1 Table.

Based on all documents (including zero values, Table 3 upper half), the correlation analysis
shows that among social media metrics, citations correlate the most with Twitter, although
Spearman’s ρ is as low as 0.194 which confirms findings by Haustein et al. [28], Costas et al.
[30] and others that tweets are not a good predictor of citation impact. It should be noted at
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this point that Mendeley, which is not included in this study, can be considered as the social
media metric with the strongest correlation values with citations of around 0.5 [27,33,40]. As
shown in Table 3, blogs follow Twitter with a Spearman correlation of 0.124 with citations. Ci-
tations show a positive correlation with the number of references (0.416), the collaboration in-
dicators (particularly the number of authors: 0.281), and paper length (0.194); these findings
have been documented in many other bibliometric studies (e.g., [41–47]).

Interestingly, social and mainstream media counts correlate the highest among each other
—particularly Twitter and Facebook (0.320) and blogs and mainstream news (0.279)—and re-
veal only small correlations with indicators of collaboration and document characteristics. This
indicates a similarity between the particular platforms in terms of which scientific papers are
mentioned, and might also suggest that there are feedback effects with the social media echoing
each other—an effect similar to what Bourdieu has called the circular circulation of information
[48]. Low positive values can be found between Twitter and the number of references (0.140)
as well as the number of collaborating institutions (0.102) of the paper. It is also interesting to

Fig 1. Percentage of counts referring to a particular document type. Percentage of papers, citations and social and mainstreammedia counts
mentioning a particular WoS document type. The papers distribution serves as a reference of expected values if all documents were equally cited
or mentioned.

doi:10.1371/journal.pone.0120495.g001

Table 3. Spearman correlation between variables.

PG NR TI AU IN CU C SC B T F G M

PG 1.000 0.622 0.079 -0.006 0.116 0.131 0.194 0.159 -0.002 0.032 0.011 0.002 -0.010

NR 1.000 0.165 0.155 0.168 0.146 0.416 0.286 0.051 0.140 0.063 0.028 0.029

TI 1.000 0.323 0.135 0.038 0.142 0.117 -0.032 -0.004 -0.011 -0.027 -0.020

AU 1.000 0.494 0.252 0.281 0.225 0.030 0.089 0.049 0.010 0.033

IN 1.000 0.560 0.188 0.168 0.045 0.102 0.062 0.026 0.037

CU 1.000 0.155 0.166 0.043 0.061 0.039 0.023 0.035

C 1.000 0.664 0.124 0.194 0.097 0.065 0.083

SC 1.000 0.083 0.092 0.047 0.040 0.061

B -0.031 -0.022 -0.092 0.075 0.120 0.091 0.191 0.119 1.000 0.194 0.180 0.196 0.279

T 0.011 0.044 -0.093 0.011 0.084 0.056 0.148 0.065 1.000 0.320 0.142 0.137

F -0.016 0.024 -0.042 0.065 0.084 0.049 0.167 0.079 1.000 0.144 0.161

G -0.040 -0.005 -0.114 0.069 0.098 0.091 0.209 0.136 1.000 0.179

M -0.092 -0.053 -0.090 0.118 0.135 0.127 0.199 0.127 1.000

Medium correlations (�±0.300) are highlighted in bold. Italic values indicate correlations based on papers with at least one of the respective events, i.e.

blogs (n = 24,971), Twitter (n = 287,886), Facebook (n = 62,887), Google+ (n = 10,082) and mainstream media (n = 9,172) mentions

doi:10.1371/journal.pone.0120495.t003

Characterizing Social Media Metrics

PLOS ONE | DOI:10.1371/journal.pone.0120495 March 17, 2015 10 / 21



note the negative correlations between the length of titles and all social media metrics, which
increase when only non-zero publications are considered. Although the very low correlation
values advise for caution in the interpretation, they might be an indication of the preference for
short titles—which are perhaps simpler or more appealing—among these social media sources.

Low to moderate correlations with and among social media metrics are likely caused and
influenced by the large amount of zero values, i.e. low coverage of documents on social media
and news platforms. Mainstream media and Google+, which with 99% exhibit the highest
shares of zero counts either due to actual low use or the inability to capture them, also show the
lowest correlations with citations. On the other hand, with 22% non-zero values, Twitter exhib-
its the highest Spearman value with citations. Calculating Spearman’s ρ only for non-zero
counts for each social media indicator clearly overestimates similarities with citation patterns
but at the same time makes it independent of zero values. It is, however, important to note that
based on this non-zero approach for each of the metrics (italic values in lower half of Table 3),
the ranking changes and Google+ exhibits the highest correlations with citations (0.209; n =
10,082), followed by news (0.199; 9,172), blogs (0.191; 24,971) and Facebook (0.167; n =
62,887), while Twitter shows the lowest Spearman value (0.148; 287,886). It is also important
to remark that the low correlation between citations and social media mentions, even when
zero-values are excluded, reinforces once again the idea that citations and social media men-
tions are indeed different.

Relationship among metrics and document characteristics
To examine the relationship between the variables in more detail, simple regressions were
made between document characteristics (PG, NR, TI) and collaboration indicators (AU, IN,
CU), and averages of citations and social media metrics. As social media metrics are intended
to capture the broader impact and/or predict the scientific impact of research, the regression
analysis was limited to articles and reviews only, as the other document types are typically not
peer-reviewed or considered as original contributions to knowledge. Regressions were carried
out per LR field for the data shown in Figs. 2–5 as well as S2 and S3 Figs.

Two approaches were followed in order to perform this analysis. The first approach plots
the average density values (i.e. the average of all observations, including zero-values) of the dif-
ferent metrics (i.e. C, B, T, F, G and M) conditioned by the different document and collabora-
tion variables (i.e. PG, NR, TI, AU, IN and CU). In this analysis, we plot values with some
minimum number of occurrences, as some rare cases (e.g. papers with extreme numbers of au-
thors, pages, title length, etc.) tend to distort the graphs. These graphs are meant to exhibit the
main patterns for citations and social media metrics, allowing for easy detection of the main
differences and similarities. The second approach provides simple linear regression equations
in S2 Table, which could not be included in the figures due to space limitations. Simple linear
regression equations provide an easy interpretation of the relationships between the variables,
and although in certain cases adjustments other than linear would have worked better, we
focus on the linear approach because it simplifies the comparison among the different groups
(e.g. the disciplines and the different metrics). It is important to mention that this linear regres-
sion analysis is based on the average of the different values conditioned by the characteristics of
the papers (e.g. pages, references, etc.) and that it is a simplification of already summarized
data. The interpretation of the data and figures mostly focuses on patterns for citations and
Twitter, since the signals for the other social media and mainstream media are very low.

Document characteristics. Fig. 2 presents the relationship between the length of docu-
ments, citations and social media metrics. It is organized as follows: Fig. 2A presents the rela-
tionship between the density (i.e. average citation and social media rates including zero values)
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of citations and social media metrics as a function of the number of pages. The minimum and
maximum values of pages (i.e. 1 and 36) are presented and are the same for Figs. 2B-2H.
Figs. 2B (papers, citations and tweets) and 2C (Facebook, blogs, Google+ and mainstream
media) shows the proportion of publications with at least one metric conditioned by the num-
ber of pages, while Figs. 2D-2H provides these values for the different LR fields. In the back-
ground of all graphs except B and C, the distribution of the number of publications by the
number of pages is presented. The same structure is used for Figs. 3–5, S2 and S3 Figs.

Fig. 2A shows that the relationship between the number of pages and citations is positive
and exhibits a kind of curvilinear relationship. Twitter mentions behave differently: the average
density of tweets does not increase with the number of pages. S2 Table shows that the R2 of the

Fig 2. Relationship with the length of the publications [PG]. Proportion of publications of getting at least one metric (coverage; B, C) and citation and
social media density (A, D-H) conditioned by the number of pages.

doi:10.1371/journal.pone.0120495.g002
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relationship is very low (R2 = 0.250), and has a slightly negative slope. Due to values close to 0,
the other sources (F, G, M) are hardly visible in Fig. 2A. According to their regression equa-
tions in S2 Table, the R2 values are quite small for all of them (<0.267) and the slopes tend to
be slightly negative.

Fig. 2B shows that the chances of receiving at least one citation increases gradually from
25.6% (1 page papers) to 77% (11 pages papers), after which the percentage of papers with cita-
tions decreases again to reach an average citedness rate of 63% between 20 and 36 pages. Al-
though much lower, the percentage of papers with at least one public Facebook post (Fig. 2C)
shows a similar pattern, while the curves for Twitter (Fig. 2B), blogs, Google+ and mainstream
media (Fig. 2C) are much flatter and do not show much fluctuation after papers with 6 pages

Fig 3. Relationship with the number of references [NR]. Proportion of publications of getting at least one metric (coverage; B, C) and citation and social
media density (A, D-H) conditioned by the number of references (A, D-H).

doi:10.1371/journal.pone.0120495.g003
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or more. Based on the distribution of papers with at least one tweet, the length of papers seems
only to have a small effect on the probability of a publication to be mentioned on Twitter.
From a more critical perspective, it could also be argued that the length of a paper does not af-
fect its probability of being tweeted because papers might not actually be read when tweeted,
and that factors such as curious topics or funny titles increases Twitter counts [28,49].

Comparing disciplines (Figs. 2D-2H), papers in Mathematics and Computer Science and in
the Social Sciences and Humanities are the largest in terms of pages (Table 1) while Biomedical
and Health Sciences and Natural Sciences and Engineering are the shortest. In terms of density,
it can be seen that, contrary to citations, popularity on Twitter goes down with increasing
paper length in Life and Earth Sciences (Fig. 2E; y = -0.0338x+1.5161 in S2 Table; ρ = -0.014 in

Fig 4. Relationship with the title length [TI]. Proportion of publications of getting at least one metric (coverage; B, C) and citation and social media density
(A, D-H) conditioned by the number of characters in the title (A, D-H).

doi:10.1371/journal.pone.0120495.g004
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S1 Table), Math & Computer Science (Fig. 2F) and Social Sciences in Humanities (Fig. 2H).
The Social Sciences and Humanities show a particular pattern, with tweet density matching or
even exceeding citation rates, and very similar patterns for both metrics, i.e. a small peak for
papers with 1 page, a steep increase to 6 pages and a gradual decrease for longer papers. If the
average number of event counts is considered for papers with at least one event only (intensi-
ty), effects are even more pronounced (data not shown). Considering all document types (data
not shown), papers of only one or two pages actually on average get more tweeted than cited,
which is caused by the popularity of news items and editorial material, which are usually
very short.

Fig 5. Relationship with the number of authors [AU]. Proportion of publications of getting at least one metric (coverage; B, C) and citation and social
media density (A, D-H) conditioned by the number of authors (A, D-H).

doi:10.1371/journal.pone.0120495.g005
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In Fig. 3, the relationship of metrics with the number of cited references per paper are ex-
plored. The top graphs show the density (Fig. 3A) and probability (Figs. 3B and 3C) of publica-
tions to get cited or mentioned on social media platforms as a function of their number of
references. In the case of citations, the relationship with the number of references is strongly
positive and the pattern is clear: the longer the reference list, the higher the chances of being
cited. In the case of social media mentions, we can see how this pattern tends also to be positive
with a bump in the Twitter curve for papers with between 4 and 20 references. It is also remark-
able that for the papers with the shortest reference lists (~3 or less) the density of citations and
Twitter mentions are very similar (Fig. 3A). On the whole, it is clear that for citations this rela-
tionship is positive, while for tweets we only see a slight positive trend. This can be corroborat-
ed in S2 Table, with y = 0.0622x for citations and y = 0.0111x for tweets; the increase is even
smaller for the other social media mentions.

The highest R2 values can be observed in Biomedical and Health Sciences (Fig. 3G) across
all metrics indicating the strongest positive linear effects compared to number of pages and
characters in the title. Mathematics and Computer Sciences and Natural Sciences and Engi-
neering also present high R2 values for blogs, tweets and Facebook posts. It should be noted
that, while often small, regression lines across all metrics and all fields are positive for the num-
ber of references.

Fig. 4 explores the relationship between the different metrics and the length of the titles of
scientific publications. The titles of articles and their length are related to how the authors try
to capture the attention of their potential readers [50] and they can also serve as a rough esti-
mator of the complexity (e.g. shorter titles tend to be linked to applied research while longer
ones to be linked to basic research [51]) and the topic of the papers. We could argue that
shorter titles might refer to more applied topics which might be more attractive to users on so-
cial media platforms. Fig. 4A shows that the number of characters in titles is normally distrib-
uted and Fig. 4B indicates that the probability of publications getting cited at least once also
increases with the length of the titles, although in a curvilinear fashion. In the case of social
media metrics, Twitter and Facebook counts behave similarly with higher counts for very short
titles of less than 30 characters. For titles between 40 and 150 characters, which represent the
vast majority of all papers, no effect of the length can be observed regarding a paper’s visibility
on Twitter and Facebook.

The density of citation and social media impact as a function of title length (Fig. 4A) shows
a different pattern. The expected average number of citations tends to increase with the length
of the titles, with an average increase of around 0.0046 citations per extra character. However,
for Twitter mentions we see the opposite: an increase in title length has a slightly negative effect
on the number of tweets. Despite the fact that activity on Google+, mainstream media and
blogs is very low, the regression slopes are negative (S2 Table).

However, this relationship varies across disciplines for citations as well as social media met-
rics. For instance, in Biomedical and Health Sciences (Fig. 4D), Life and Earth Sciences (4E)
and Natural Sciences and Engineering (4G), the relationship between citations and title length
is negative (S2 Table), while for Mathematics and Computer Science (4F) and the Social Sci-
ences and Humanities (4H) it is positive—although only slightly. It is also remarkable that for
all fields except Twitter in Mathematics and Computer Science, the slopes of the relationship
between titles and social media metrics are systematically negative, although extremely small in
all cases.

Collaboration. In this section we focus on citation and social media metrics regarding the
level of collaboration. Given the causality (and correlations) between the number of authors,
institutions and countries (cf. Table 3) we focus on one of these indicators, namely the number
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of authors, as the micro level of collaboration. However, results of these relationships for insti-
tutions and countries are provided in the supplementary material (S2 and S3 Figs.).

Fig. 5 provides the relationship between the different average values of the metrics and the
number of authors. Fig. 5A shows that the average impact of publications systematically in-
creases with the number of authors per paper, and this relationship is observed in each of the
fields (Figs. 5D-5H). Social media metrics have the same pattern: the higher the number of au-
thors, the higher the scores obtained (Figs. 5B and 5C). Based on the slope values of the linear
regression (S2 Table), publications obtain on average almost 0.49 citations for each additional
author, with an increase of 0.13 tweets and 0.01 Facebook posts on average. S2 Table and Figs.
5D and 5H show that this relationship can be observed in all fields. For all domains but the So-
cial Sciences and Humanities, the effect of the number of authors is higher for citations than
for tweets. In the Social Sciences and Humanities, citations and Twitter curves superpose each
other almost perfectly, which is likely due to the low citation density of these disciplines as well
as the relatively high Twitter activity. S2 and S3 Figs. provide similar results for the number of
institutions and countries.

On the whole, Fig. 5 provides clear evidence that the relationship between the number of au-
thors and citation and social media metrics—especially Twitter—is positive. The relationship
between citations and number of authors has been well documented before [42,52–54], and is
not caused by authors’ self-citations [47]. However, the effect of “self-mentions” in social
media on these trends has yet to be assessed.

Conclusions
Grouped under the umbrella term of “altmetrics”, a number of metrics based on social media
platforms have recently been introduced as potential indicators of research impact, which
could be “alternatives” to citations (as they take less time accumulate) or could perhaps indicate
the broader impact of research on society [22]. These social media metrics are quite heteroge-
neous and refer to mentions of scientific articles on microblogging platforms such Twitter and
Weibo, posts on social network sites such as Facebook and Google+, saves on social reference
managers Mendeley and CiteULike, reviews on F1000Prime, Publons and PubPeer, as well as
mentions in scholarly blogs and news and mainstream media. Thus, they encompass various
types of usage, levels of engagement, user groups and audiences, are affected by different user
uptake, and vary in terms of data availability. This heterogeneity affects their analysis, and
complicates the construction of a proper interpretative framework for these indicators
[25,27,28,30].

In order to better understand the factors affecting the social media metrics scores, this paper
analysed their relationship with document properties and collaborative patterns, and compared
them with what is known for citations. This comparison was based on 1.3 million documents
published in journals indexed by the Web of Science in 2012 and corresponding data from Alt-
metric.com. Five social media metrics were considered: tweets, Facebook and Google+ posts, as
well as mentions in scholarly blogs and news outlets.

Our results show that globally the presence of social media metrics across scientific publica-
tions is still quite low, with Twitter being the main platform despite the fact that only 22% of all
publications considered in this study received at least one tweet. The prevalence of documents
on social media is also determined by their type: coverage, density and intensity of Twitter
mentions of editorial material and news items are much higher than that of articles, which is
contrary to what is obtained for citations. This might be due to their shortness and simplicity,
or to the fact that these news items generally present the results of chosen studies, which have
often been selected because of their general interest to the scientific community or society in
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general. Along these lines, blogs have a higher than expected coverage of ‘corrections’—which
might be due to blogs such as Retraction Watch—while mainstream media have an equivalent
coverage of articles and editorials. Finally, the coverage of reviews is among the highest for sev-
eral of the indicators (i.e. citations, blogs, Facebook), thus reinforcing the attractiveness of this
particular document type, probably caused by their property of ‘synthesis’ of previous knowl-
edge, which is also known for citations. Worth mentioning here are the differences across do-
mains: Twitter and other social media are more frequent for the Social Sciences and
Humanities and the Biomedical and Health Sciences and hardly present among Mathematics
and Computer Science and Natural Sciences and Engineering. This suggests, as proposed by
Haustein et al. [28] and Costas et al. [30] that social media metrics tend to focus more on social
and health-related topics while other, more technical, mathematical or physical/chemistry top-
ics, are less attractive for users of these platforms. Regarding certain bibliographic characteris-
tics (PG, NR, TI, AU, IN, CU), tweets and citations follow a very similar behaviour in Social
Sciences and Humanities. This finding, coupled with the fact that the domain has the highest
correlation between the two indicators, suggests that citations and tweets are more related in
the Social Sciences and Humanities than in other fields. The reason for and meaning behind
this relation still needs to be further studied by exploring the motivation behind tweeting. In-
terestingly it is in the same domain where citer motivations are most controversial and cita-
tions as impact indicators most disputed.

Our results also confirmed the weak relationship between citations and social media metrics
[25,28,30], with the highest correlation found between citations and Twitter and blogs. The
correlation between Twitter and Facebook mentions, and to a lesser extent between blogs and
mainstream media, can be highlighted, supporting the idea that these social media metrics are
indicators of different types of visibility [30], despite the fact that there is a certain circularity
on the diffusion of information [48] where, for example, documents found on Twitter are also
more likely to be found on Facebook.

While it is well known that the number of pages and references, length of the titles, and
number of authors, institutions and countries affect citations positively, this relationship is not
as clear for social media indicators. More specifically, our results show that the length of titles
and papers has, to a certain extent, a negative effect on social media counts, thus suggesting
that the well-known brevity of social media echoes in the scientific papers it diffuses. This find-
ing is also reinforced by the fact that shorter document types such as editorial material, news
items and letters obtain higher visibility on these platforms—a pattern quite contrary to what is
known for citations. Other aspects such as the number of references or the number of collabo-
rators of papers do have a positive relationship with the various social media counts, although
with a much lower effect compared to citations.

On the whole, our results confirm that citations and social media metrics are essentially differ-
ent. Not only are indicators obtained at the level of papers weakly correlated, but factors that typi-
cally affect citations rates do not seem to affect social media counts in a similar manner. Therefore,
social media metrics cannot actually be seen as alternatives to citations, but at most as complements
to other type of indicators. This complementarity, however, still needs much research to be better
understood. We hope that this paper, by studying the relationship between social media, citations,
as well as other factors that typically influence citation rates, contributed to this understanding.
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S2 Fig. Relationship with the number of institutions [IN]. Proportion of publications of get-
ting at least one metric (coverage; B, C) and citation and social media density (A, D-H) condi-
tioned by the number of institutions (A, D-H).
(TIF)

S3 Fig. Relationship with the number of countries [CU]. Proportion of publications of get-
ting at least one metric (coverage; B, C) and citation and social media density (A, D-H) condi-
tioned by the number of countries (A, D-H).
(TIF)

S1 Table. Spearman correlation between variables per LR field. Based on all documents per
field; medium correlations (�±0.300) are highlighted in bold.
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S2 Table. Linear regression equations per variables and LR fields. Equations for linear re-
gressions based on citation (C) and social media density (B, T, F, G, M) shown in Figs. 2–5 and
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