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Abstract
The study of temporal trends in altmetrics is under-developed, and this multi-year 
observation study addresses some of the deficits in our understanding of altmetric behaviour 
over time. The attention surrounding research outputs, as partially captured by altmetrics, 
or alternative metrics, constitutes many varied forms of data. Over the years 2008–2013, 
a set of 7739 papers were sampled on six occasions. Five altmetric data sources were 
recorded (Twitter, Mendeley, News, Blogs and Policy) and analysed for temporal trends, 
with particular attention being paid to their Open Access status and discipline. Twitter 
attention both starts and ends quickly. Mendeley readers accumulate quickly, and continue 
to grow over the following years. News and blog attention is quick to start, although news 
attention persists over a longer timeframe. Citations in policy documents are slow to 
start, and are observed to be growing over a decade after publication. Over time, growth 
in Twitter activity is confirmed, alongside an apparent decline in blogging attention. 
Mendeley usage is observed to grow, but shows signs of recent decline. Policy attention is 
identified as the slowest form of impact studied by altmetrics, and one that strongly favours 
the Humanities and Social Sciences. The Open Access Altmetrics Advantage is seen to 
emerge and evolve over time, with each attention source showing different trends. The 
existence of late-emergent attention in all attention sources is confirmed.

Keywords  Scientometrics · Altmetrics · Twitter · Mendeley · Social impact · Longitudinal 
study · Policy · Open access · Open access altmetrics advantage · Grey literature

Introduction

The term ‘altmetrics’ was introduced in the Altmetric Manifesto (Priem et  al., 2010) to 
bring together the study of web-based attention to research under one term, to “reflect the 
broad, rapid impact of scholarship”. Hitherto, research in this area had been conducted 
under the umbrella term ‘webometrics’ (Almind & Ingwersen, 1997), which had evolved 

 *	 Michael Taylor 
	 m.r.taylor@wlv.ac.uk

1	 Digital Science, University of Wolverhampton, Wolverhampton, UK

http://orcid.org/0000-0002-8534-5985
http://crossmark.crossref.org/dialog/?doi=10.1007/s11192-023-04653-1&domain=pdf


2176	 Scientometrics (2023) 128:2175–2200

1 3

from the fields of bibliometrics and scientometrics. The introduction of the new term 
extended this field of study, which had largely been focused on the analysis of web 
hyperlinks, web citations and usage (Bar-Ilan, 2000; Thelwall, 2000) to include social 
media and other similar data sources. This reflected the increasingly important role that 
social media was playing in the dissemination of research (Sugimoto et al., 2017).

The Altmetrics Manifesto described a number of possible advantages of altmetrics 
over citations. One anticipated benefit was the relative speed at which altmetrics could 
indicate a paper’s importance, compared to traditional citation-based measures. Whereas 
the process of publishing and citation can be slow—and resistant to change (Wheatley & 
Grzynszpan, 2002)—altmetrics could be used to understand impact at, or shortly after, a 
paper’s publication.

Despite being a key focus in the Altmetrics Manifesto, temporal issues have not received 
significant attention from researchers. Ortega (2018) offered an analysis of six metrics over 
24 months, three of which (Blogs, Mendeley and Twitter) are usually counted as altmetrics. 
Mendeley readership starts to accrue shortly after publishing, and to persist over a long 
timeframe (Maflahi & Thelwall, 2018). Temporal metrics have been calculated for twelve 
altmetric data sources for a twelve month period (Fang & Costas, 2020). These and other 
relevant studies are reviewed below.

Field and attention source dependencies

Altmetric sources are recognized to be largely heterogenous (Haustein, 2016) and to show 
significant discipline differences (Zahedi et al., 2014).

Past research has adequately described differences in overall usage: the two most 
populous data sources are Mendeley and Twitter (Thelwall et  al., 2013), and these have 
correspondingly been the focus of most altmetric studies.

A set of papers published between 2012 and 2018, sampled in 2019 showed high 
degrees of variability between fields, per altmetrics attention source (Fang et  al., 2020). 
Over 40% of Social Sciences & Humanities and Biomedical & Health Sciences were 
active on Twitter; compared with 36% Life and Earth Sciences; 22% Physical Sciences 
and Engineering and 11% Mathematics and Computer Sciences. Mendeley showed a 
coverage of close to 90% for all fields. News, Blogs and Policy sources showed a similar 
pattern, with the Social Sciences and Humanities having a coverage of 5%, 6% and 3% 
respectively; Biomedical & Health Sciences, 6%, 4%, 2%; Life and Earth Sciences, 4%, 
6%, 1%; Physical Sciences and Engineering 2% for News and Blogs and > 0.5% for Policy; 
and Mathematics and Computer Sciences being below 0.5% for all three indicators.

Earlier research from 2014 shed some light on earlier trends (Zahedi et  al., 2014): 
Mendeley showed high levels of attention in the Medical and Life Sciences, and Natural 
Sciences, with 50% and 32% of active documents coming from these areas, Arts and 
Humanities was represented by less than 1% each; Twitter showed a similar focus, with 42 
and 49 percent, and 2% respectively. Despite their relative importance (Phillips et al., 1991; 
Williams, 2018), News, Blogs and Policy sources have not been subject to  a corresponding 
amount of research, although a bias towards Life Sciences and Medicine from Blogs has 
been previously demonstrated (Shema et al., 2012).

The degree to which altmetric data is reported and available to analysis is known to 
vary over time. Suppliers, such as Altmetric LLP, may add or remove data sources to their 
services. Indicators such as Wikipedia and Patent citations are relatively new to Altmetric 
(2015 and 2018 respectively). Furthermore, improvements to the collection and parsing 
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processes are frequently made, which may result in increased coverage and accuracy: for 
example, Altmetric’s news parser was improved in 2014, and Wikipedia coverage was 
enhanced in 2020–2021, by the addition of previously unindexed languages.1 In contrast, 
LinkedIn and Weibo have both removed access to their data (2013, 2015 respectively), 
while Google + was discontinued in 2019.2 Furthermore, the introduction of the General 
Data Protection Regulation in 2018 (European Union, 2016) requires platforms such as 
Twitter to remove content and data (such as Tweets and Twitter Account information) 
from all systems, and obliges providers such as Altmetric LLP to follow suit, with the 
consequence that numbers may be reduced retrospectively.

Open access and the open access altmetrics advantage

Since 2001, Open Access (OA) publishing has gained momentum (Suber, 2012), with 
sustained growth rates reported over the last decade. The proportion of OA publications 
was calculated to be 20% in 2009 (Björk et  al., 2010), and 45% in 2015 (Piwowar 
et  al., 2018). The scholarly database Dimensions reports that annual proportion of OA 
publications exceed 50% of all articles and preprints in 2018.3The COVID-19 crisis of 
2020–21 is seen as having further driven the adoption, acceptability and internationality of 
OA publishing (Lee & Haupt, 2020). Recent investigations have focused on the so-called 
Open Access Altmetrics Advantage (OAAA), finding OA articles (Holmberg et al., 2020) 
and OA books (Taylor, 2020) tend to receive higher rates of social media and public 
engagement than non-OA research, Nevertheless, there are both disciplines and attention 
sources with an Open Access Altmetrics Disadvantage (OAAD), for example Psychology 
research articles linked on Twitter (Holmberg et al., 2020) or Humanities books cited in 
Wikipedia (Taylor, 2020).

The relationships between citation and altmetric data

Initial research focused on understanding the correlations between citations and various 
altmetrics; however the nature of the data sources, temporal issues and degree of coverage 
give the results an imprecise interpretation (Thelwall, 2016). As the field has developed, 
new techniques have been employed to understand the complex effects that social media is 
having on research communications (Ebrahimy et al., 2016).

Both citation and altmetric data are heavily skewed, with a large proportion of published 
outputs having low rates of activity, and a very small number tending to attract very high 
rates of activity.

It has been recognized that citation-based metrics vary significantly over time for dis-
cipline (Thelwall & Sud, 2016). Metrics suppliers have created article-based citation met-
rics that take published year and discipline into account, by computing values that present 
ratios of observed citations to expected citations, for publications of a particular type, pub-
lication year and subject area (Hutchins et  al., 2016; Zanotto & Carvalho, 2021). Simi-
lar normalization techniques have been proposed for altmetrics (Thelwall, 2017). Positive 

1  Private communication between the author and colleagues at Altmetric LLP.
2  https://​www.​altme​tric.​com/​about-​our-​data/​our-​sourc​es/
3  https://​app.​dimen​sions.​ai/​analy​tics/​publi​cation/​open_​access_​status/​timel​ine?​or_​facet_​publi​cation_​type=​
artic​le&​or_​facet_​publi​cation_​type=​proce​eding​&​or_​facet_​publi​cation_​type=​prepr​int

https://www.altmetric.com/about-our-data/our-sources/
https://app.dimensions.ai/analytics/publication/open_access_status/timeline?or_facet_publication_type=article&or_facet_publication_type=proceeding&or_facet_publication_type=preprint
https://app.dimensions.ai/analytics/publication/open_access_status/timeline?or_facet_publication_type=article&or_facet_publication_type=proceeding&or_facet_publication_type=preprint
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evidence for longitudinal effects and systemic trends in different altmetric sources would 
be additional evidence to support the need for a similar, systematic approach to analysing 
altmetrics, normalized for time and discipline.

Research into citation patterns and download patterns have demonstrated a quantifiable 
and interactive relationship (Moed, 2005), with both downloads acting as a leading 
indicator to citations (Watson, 2009), and citations leading to increased downloads 
(Schlögl et  al., 2014). Thus, we understand that the relationship between citations and 
downloads is dynamic and complex, even many years after publication. The complexity of 
the communication system is underlined by the observations that Twitter activity increases 
traffic to journal websites (Hawkins et al., 2014), and that increased page views can lead to 
increased citations (Perneger, 2004).

Scientometric researchers have observed that there are outliers, in terms of citation 
performance over time (Braun et  al., 2010), and the connection between late citation 
emergence and altmetric data has been explored (Hou et al., 2020). Previously known as 
“sleeping beauties”, these papers have been observed to lie dormant for a period of time 
(when their cohort are usually active), before becoming more highly cited, against the 
trend for their discipline and publication year. Identifying papers with delayed citation 
emergence has been proposed as a method of discovering ‘hidden’ or latent research 
(Demaine, 2018). Similar phenomena and utility may be hypothesized in altmetric data, 
where papers become active against cohort trend. For example, Twitter is usually seen as 
an early source of attention: a paper that receives tweets several years after publication 
might merit such a definition and be considered worthy of additional attention.

Known longitudinal observations for altmetrics

The original Manifesto listed a number of potential sources of altmetric data other than 
Mendeley: in particular, Twitter, and blogs. Although we consider all of these different 
data sources under the common term of ‘altmetrics’, there are many differences between 
them: including audience, purpose, methodology and access. These contribute towards the 
differences between how quickly these data appear, how quickly their activities peak, and 
the degree to which their activity is sustained over time.

Tweets are one of the quickest indicators to appear (Ortega, 2018), accumulating within 
a few days of an article becoming available. High rates of Twitter activity have been 
shown to correlate well with later rates of citation, for a small group of medical articles, 
(Eysenbach, 2011). Twitter activity is usually considered to be relatively short-lived, both 
for preprints (Shuai et al., 2012) and published papers.

Mendeley readership is known to correlate well with citation rates (Thelwall, 2017) and 
academic usage (Mohammadi et al., 2016), and is closely related to usage and downloads 
(Kudlow et  al., 2017). Mendeley readership counts start to accumulate very soon after 
publishing, and even before articles are officially published (Maflahi & Thelwall, 2018) 
but persist over a prolonged timeframe (Maflahi & Thelwall, 2018), having a strong 
relationship over time with both citations and downloads (Ortega, 2018).

In a retrospective analysis covering altmetrics in the first twelve months after 
publication, social media and blog attention was observed to appear soon after publication 
before dropping away, whereas Mendeley readership continued to accrue (Ortega, 2018). 
Blogging activity continues many years after publication, (Jamali & Alimohammadi, 
2015), and drives page views and downloads of the original article (Allen et  al., 2013). 
News and Twitter coverage have been shown to be related to the newsworthy qualities of 
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the article, rather than as a result of interaction between the two attention sources (Htoo 
et al., 2022). Similarly, a relationship between COVID-19 articles receiving news and blog 
attention has been observed (Fraumann & Colavizza, 2022).

Direct research into how altmetrics vary over time and by age is relatively 
underdeveloped. A variety of temporal metrics were calculated for twelve altmetric 
indicators over the course of a year, characterising Twitter, News and Blogs as fast attention 
sources, whereas Policy and Wikipedia were characterised as being slow (Fang and Costas, 
2020). Although there has been research that reported a temporal advantage for usage data 
(Zhang et al., 2020), there has been no research into the temporal nature of the OAAA.

Objectives

This paper addresses a number of gaps in the literature by examining data collected over 
a multi-year period for five different altmetric indicators: Mendeley, Twitter, News, Blogs 
and Policy documents. The analysis explores some of the trends exposed in the data, 
providing insights into the development of both behaviour and platform usage, as well as 
longitudinal variation by attention source, Open Access status and discipline.

1.	 Current knowledge about altmetric trends over time is partial, with most research 
studying data within a short period after publication. This research addresses this gap 
by studying trends over a multi-year timespan.

2.	 Although it is understood that platform usage and collection techniques show temporal 
trends, this has not been examined in an academic context over a multi-year timescale.

3.	 Existence of late-emergent research has been observed using citation analysis, but the 
altmetric equivalent has only been hypothesized: this research investigates the possible 
existence of this phenomena.

4.	 The existence of an OAAA has been previously confirmed, however the degree to which 
it developed over the last decade has not previously been investigated. This research 
explores the dynamics of the OAAA over the last decade.

Method

Data

This research was initiated during the Snowball Metrics project (Clements et  al., 2017), 
and used a set of 7739 primary research articles drawn from a larger set being used in 
the development of research publication metrics (Taylor, 2014). All were authored by 
researchers affiliated with UK institutions participating in the project, and selected as 
representative of the outputs of participating institutions (University of Oxford, University 
College London, University of Cambridge, Imperial College London, University of 
Bristol, University of Leeds, Queen’s University Belfast, and University of St Andrews). 
In general, research articles with authors affiliated with these universities have very high 
rates of altmetric activity: in 2018, the proportion of these papers with activity reported by 
Altmetric was approximately twice the global average.

The selected papers had publishing dates ranging from 2008 to 2013, and therefore 
show a range of ages across the duration of the observation period (2013–2021): a 
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paper published in 2011 would be 7 years old at the time of the 2018 sample. The set 
of papers published in 2013 is smaller than other years, as this year was incomplete at 
the time of the observation.

Data was retrieved from the Altmetric and Mendeley APIs using research licenses, 
on six occasions from 2013 to 2021, (September 2013, September 2014, April 2017, 
June 2018, September 2020 and June 2021).

Altmetric collects data from a variety of sources, including Twitter (by detecting 
links to research in tweets); news (links and parsed mentions of research from over 
2000 news sources); blogs (links and parsed mentions from a list of approved research-
focussed blogs) and policy papers (links and parsed citations from a list of policy 
repositories). Mendeley allows users to save links to research outputs and makes totals 
of these per document available via an API.

Subject area metadata was retrieved for each article from Digital Science’s 
Dimensions API. Dimensions assigns articles into Fields of Research classifications 
by a machine learning process at a paper rather than a journal level, thus allowing for 
greater granularity of analysis. The process assigns up to four subject codes per paper 
using title and abstract text, where available (Herzog et  al., 2016). To increase the 
sample sizes for greater statistical power, the Fields of Research codes were further 
grouped into four larger disciplines—Physical and Technological Sciences (PTS), 
Life Sciences (LS), Medical and Health Sciences (MHS) and Humanities and Social 
Sciences (HSS).

The Dimensions method does not always assign a subject code to a research 
publication: either the machine learning system doesn’t not produce a high enough 
certainty to meet the threshold, or insufficient text is available to the classification 
process. Of the 7739 papers, 14.5% did not have a Field of Research code in 
Dimensions and were classified following the predominant classification of their 
journal. The distributions for both published year and discipline are presented in 
Table 1.

Data was also broken down by Open Access status, as reported by Unpaywall 
in 2021. The period that papers were selected from had relatively low rates of OA 
publishing, however, papers often become OA over time. The observation period took 
place at a time when OA publishing rates were growing strongly (Appendix, Fig.). 
Papers were classified as either OA (being either Gold, Green or Bronze) or Closed.

Table 1   Number of papers in each cohort, by date published, discipline and Open Access status

Discipline Published year Total

2008 2009 2010 2011 2012 2013

Physical and Technological Sciences (PTS) 121 157 221 534 586 97 1716
Life Sciences (LS) 204 244 324 565 487 143 1967
Medical and Health Sciences (MHS) 302 359 451 915 769 199 2995
Humanities and Social Sciences (HSS) 105 127 161 321 263 84 1061
Total 732 887 1157 2335 2105 523 7739
Open Access 454 582 797 1541 1325 343 5042
Closed 278 305 360 794 780 180 2697
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Analysis

Three calculations were used to compare the relative performance of the cohorts:

1.	 The percentage of papers with any reported altmetric activity.
2.	 Average values for the two high-frequency attention sources, Mendeley readers and 

unique Twitter accounts.
3.	 To compare OA and non-OA papers, percentage coverage and average values were 

calculated for OA and non-OA papers (as above), with the value for the OA cohort being 
divided by the non-OA cohort to calculate an OAAA (Taylor, 2020).

The preferred way of calculating an average for non-normally distributed data is to 
use a geometric mean. Altmetric data, in common with citation data, is highly skewed, 
with a small number of papers typically getting a disproportionate amount of attention. 
The approach taken here uses a log mean approach to counter the skewness of these two 
attention sources (Thelwall & Fairclough, 2015). News, policy and blog citations typically 
occur at very low frequencies, rendering comparison of average values of limited use.

To test for significance, the proportion of papers with altmetric activity for each age 
were tested using a Chi-squared test, comparing the actual observed proportion of papers 
with attention against the overall average for that cohort. To test the number of Mendeley 
readers and Twitter accounts, mean values were calculated from the natural log, and 
evaluated using an ANOVA 1-way test. To test for the significance of the OAAA, we 
evaluated the OA and non-OA cohorts for significance, using t-tests for the Mendeley and 
Twitter means and z-tests for the proportions of populations with attention.

Results

Longitudinal trends over the observation period

Mendeley

The proportion of articles with at least one Mendeley reader for the dataset was high in the 
year of publication (at least 77.8%) and increased over time to be consistently above 99% 
after 5  years (Table  2). For the most recent set of papers, published in 2013, Mendeley 
reached 97.5% coverage within one year of publication. For the three paper ages containing 
four cohorts, there was insufficient evidence of a difference between cohorts in the 
proportion with at least one Mendeley reader.

Sustained growth in average readers across the lifetime is shown for each of the cohorts 
of papers (Table  3). The rate at which papers acquire additional readers on Mendeley 
appears to decline towards the end of the observation period. In the year between the first 
two observations (12  months, between 2013 and 2014), the approximate annual growth 
varies from 6.8 (papers published in 2012) to 19.2 (2009); between the second two 
observations (15 months, between 2017 and 2018), from 8.5 to 14.6, reported growth for 
the final observation (9 months between 2020 and 2021) is lower, from 3.4 to 6.0.

By reading down the columns, we can compare a set of like-for-like documents at simi-
lar post-publication ages. Papers published in 2008, five years after publication have an 
average of 16.4 readers; papers published in 2013 have an average of 47.6 readers after five 
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years: Mendeley usage almost tripled between 2013 and 2018. In contrast, the growth in 
year 9 (representing the time period 2018–2021) is lower, approximately 1.2.

Mendeley coverage is consistently close to 100% for all disciplines from the second 
observation onwards.

Average Mendeley readership varies strongly by discipline (Fig. 1), with the Life Sci-
ences (LS) having the most readers: approximately twice the number of readers than the 
lowest, Physical and Technical Sciences (PTS). Medical and Health Sciences (MHS) and 
the Humanities and Social Sciences (HSS) show similar values. The apparent reduced rate 
of reader acquisition between 2020–2021 is represented across all disciplines. Neverthe-
less, all disciplines acquire Mendeley readers across the entire observation period. In gen-
eral, the older papers have higher rates of readership: the biggest difference being shown in 
the HSS discipline. PTS show the smallest variation between publication years.

Table 2   Proportion of papers with Mendeley readers over the observation period (%)

*Years in which the proportion of papers with Mendeley activity differed between cohorts for articles of the 
same age as calculated by a chi-squared test, p ≥ 0.05
† Insufficient evidence to reject the null hypothesis

Pub year Age of paper at observation in years

0 1* 2* 3* 4* 5* 6† 7† 8† 9† 10† 11† 12† 13

2008 85.1 98.9 99.3 100.0 100.0 100.0
2009 84.0 99.1 99.8 100.0 100.0 100.0
2010 87.6 98.7 99.0 99.9 100.0 100.0
2011 90.2 98.7 99.5 99.7 100.0 100.0
2012 87.0 98.0 99.3 99.4 99.4 100.0
2013 77.8 97.5 99.6 99.6 99.8 99.8

Table 3   Average values based on ln(1 + x) Mendeley readers over the observation period

*Years in which the average number of Mendeley readers differed between cohorts for articles of the same 
age as calculated by a one-way ANOVA, p ≥ 0.05
† Insufficient evidence to reject the null hypothesis

Pub year Age of paper at observation in years

0 1* 2* 3* 4* 5* 6* 7* 8* 9* 10* 11* 12† 13

2008 16.4 33.0 59.0 73.6 116.9 122.1
2009 14.9 34.1 62.6 75.7 122.3 128.2
2010 16.6 32.5 59.4 73.9 120.0 125.7
2011 11.9 20.6 42.1 51.5 79.8 83.2
2012 7.9 14.7 35.1 42.3 68.0 71.5
2013 4.5 13.3 39.1 47.6 75.6 80.1
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Twitter

The proportion of articles with at least one Tweet varies by both age of publication, 
and the relative maturity of the Twitter platform (Table 4). After five years, 31% papers 
published in 2008 had received attention on Twitter. In contrast, over 90% of papers 
published in 2013 had received attention on Twitter the year after publication. As Twit-
ter coverage of newer papers increased, so did the coverage of older papers, with cover-
age of 2008 publications rising from 31% in 2013 to 50% in 2021, at which stage the 

Fig. 1   Average Mendeley readers per paper over the observation period by discipline for the six cohorts of 
papers

Table 4   Proportion of papers with Tweets over the observation period (%)

*Years in which the proportion of papers with Twitter activity differed between cohorts for articles of the 
same age as calculated by a chi-squared test, p ≥ 0.05
† Insufficient evidence to reject the null hypothesis

Pub year Age of paper at observation in years

0 1† 2* 3* 4 5* 6* 7* 8* 9* 10* 11† 12† 13

2008 31.1 38.7 45.5 46.4 49.7 50.1
2009 35.1 43.3 48.4 50.7 55.9 56.1
2010 41.0 48.9 55.2 58.0 60.2 60.9
2011 70.8 77.2 78.4 78.1 77.4 77.4
2012 84.5 92.4 92.5 90.8 90.8 89.0
2013 76.5 90.6 90.8 90.6 90.2 90.2
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publications were 13 years old. The older sets of papers are more likely to receive late 
first Tweets than younger.

The growth rate of both Twitter coverage and Twitter averages decreases over time, 
with coverage for the oldest set of papers stabilising at ~ 50%, with an average of 1 
unique Twitter account per paper. In contrast, the newest papers stabilise at ~ 90% with 
a mean of ~ 3.5 accounts (Table 5). This observation is supported by the coverage data: 
for papers published in 2012 (where 2013 is the first full year), coverage is approaching 
100% by 2014.

The rate of Twitter growth is observed to decrease: for papers aged five years old, 
coverage grew 2.9 times (31.1%-90.6%) between 2013 and 2018; average Twitter accounts 
sharing links to the same papers, at the same time, grew 9 times (0.4–3.6).

Table 5   Average values based on ln(1 + x) Twitter accounts per paper over the observation period (%)

*Years in which the average number of Twitter accounts differed between cohorts for articles of the same 
age as calculated by a one-way ANOVA, p ≥ 0.05

Pub year Age of paper at observation in years

0 1* 2* 3* 4* 5* 6* 7* 8* 9* 10* 11* 12* 13

2008 0.4 0.5 0.8 0.9 1.0 1.1
2009 0.4 0.6 0.9 1.1 1.3 1.3
2010 0.5 0.8 1.1 1.3 1.4 1.5
2011 1.3 1.7 1.9 1.9 1.9 1.9
2012 2.0 2.6 2.7 2.7 2.7 2.5
2013 2.1 3.4 3.6 3.6 3.4 3.4

Fig. 2   Proportion of papers with Tweets over the observation period by discipline (%)
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Over the observation period, coverage of the four disciplines grows at different rates, 
suggesting differences in Twitter sharing (Fig.  2). For all four disciplines, the younger 
papers have both the highest coverage, and highest average Twitter accounts (Fig. 3). PTS 
has the highest difference in coverage, but the lowest variation of averages by publication 
year. All four disciplines show retrospective first Twitter attention for the older cohorts, 
although this is most marked for HSS and LS papers. With the exception of HSS papers 
published in 20124, the average accounts tweeting about research is remarkably consist-
ent, being generally fewer than three accounts per paper. Although the coverage is seen to 
increase, this average does not, suggesting a commensurate growth in the number of active 
accounts, as well as the number of papers tweeted about.

News

The proportion of articles with at least one news mention is seen to grow over time, before 
levelling off towards the end of the observation period (Table 6). As with other attention 
sources, the proportion of papers being covered by news rises more significantly for the 
older papers than the newer: coverage for 2008 publication grows approximately 5 times 
as the articles age from 5–13 years; whereas 2013 publication only doubles through years 
0–8. Nevertheless, the coverage for all publications falls within a reasonably narrow range: 
from 15.3% to 23.3%.

Fig. 3   Average unique Twitter accounts over the observation period by discipline

4  The Twitter average for Humanities and Social Sciences papers published in 2012 is skewed by four 
highly tweeted papers, viz, https://​doi.​org/​10.​1007/​s00213-​012-​2657-5; https://​doi.​org/​10.​1098/​rspb.​
2011.​1373; https://​doi.​org/​10.​1371/​journ​al.​pone.​00318​24; https://​doi.​org/​10.​1371/​journ​al.​pmed.​10012​44; 
together they have ~ 1000 Tweets.

https://doi.org/10.1007/s00213-012-2657-5
https://doi.org/10.1098/rspb.2011.1373
https://doi.org/10.1098/rspb.2011.1373
https://doi.org/10.1371/journal.pone.0031824
https://doi.org/10.1371/journal.pmed.1001244
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Altmetric improved their news collection process in 20145 (years 5 and 6 for the 2008 
cohort, 4 and 5 for the 2009 cohort etc.), which may explain the dramatically higher rates 
between the first two samples. Comparing news coverage for papers at ages 8 (14.0–20.7%) 
and 9 (14.3–18.7%),—all of which fall after the improvement—suggests that news cover-
age has not, generally, increased independently of the change.

News coverage for all four disciplines grows over time, with HSS and MHS articles 
continuing to gain first coverage at a steady rate (Fig. 4). Although PTS and LS receive 

Table 6   Proportion of papers with news attention over the observation period (%)

*Years in which the proportion of papers with news attention differed between cohorts for articles of the 
same age as calculated by a chi-squared test, p ≥ 0.05
† Insufficient evidence to reject the null hypothesis

Pub year Age of paper at observation in years

0 1* 2* 3* 4* 5* 6* 7* 8* 9† 10* 11† 12† 13

2008 4.1 7.5 14.3 16.9 19.9 20.6
2009 5.5 9.4 16.2 18.7 22.4 23.3
2010 6.2 10.5 16.2 18.1 21.1 21.7
2011 4.4 8.2 11.9 13.2 15.3 15.3
2012 4.6 8.9 11.9 14.0 14.0 15.6
2013 10.3 15.3 17.8 18.5 20.7 20.7

Fig. 4   Proportion of papers with news attention over the observation period by discipline (%)

5  Altmetric added an NLP process to their mention parsing process that doubled precision. Private cor-
respondence.
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most news coverage in 2013, their rate of growth is less over the observation period, allow-
ing MHS, and HSS to have overtaken them by the 2020 observation.

Blogs

The proportion of articles with at least one blog mention consistently grew as they aged 
(Table 7). The oldest articles grew from 38 to 49.7% between years 5 and 13; the youngest 
grew from 8.8 to 21.2% between years 0 and 8. In contrast with other indicators, blogging 
coverage decreased over the observation period, falling from 38% for the 2008 cohort, in 
year 5, to just over 20% for the corresponding aged papers published in 2013. At age 5, 

Table 7   Proportion of papers with blog coverage over the observation period (%)

*Years in which the proportion of papers with blog coverage differed between cohorts for articles of the 
same age as calculated by a chi-squared test, p ≥ 0.05
† Insufficient evidence to reject the null hypothesis

Pub year Age of paper at observation in years

0 1* 2* 3* 4* 5* 6* 7* 8* 9* 10* 11† 12† 13

2008 38.0 42.8 45.8 47.4 49.3 49.7
2009 36.4 42.7 46.1 48.6 50.1 50.2
2010 32.8 38.8 41.8 44.1 45.1 45.3
2011 20.7 24.5 26.9 28.0 28.9 28.9
2012 11.0 15.2 17.5 19.3 19.3 20.7
2013 8.8 14.3 17.6 20.5 21.2 21.2

Fig. 5   Proportion of papers with blog coverage over the observation period by discipline (%)
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coverage of the oldest papers is approximately twice that of the newest, at ages 8 and 9, the 
difference is greater than twice.

Blogging coverage is shows significant disciplinary differences: HSS grow dispropor-
tionately faster, from being one of the lowest blogged disciplines, to one of the highest 
by the end of the observation period (Fig. 5). The other fields grow more slowly, with the 
MHS being the least covered, suggesting a lower likelihood that research will get a late first 
mention on blogs.

Policy

The proportion of articles with Policy citations is the smallest reported in this research with 
no or few citations appearing in the first few years after publication. However, it shows the 
most marked growth as publications age, typically reaching 10% coverage towards the end 
of the first decade. (Table 8). Policy attention is the only data source that shows a growth in 
probability of novel attention as a research paper ages, with peak probability of receiving 
a first citation being between years 5 and 7 after publication. Although the overall prob-
ability is very low, papers previously uncited by policy documents continue to receive new 
citations in the thirteenth year after publication.

Policy coverage shows the most marked longitudinal and discipline variation, with 
almost zero attention shown to research until reaching its fifth year (Fig. 6). MHS and HSS 
dominate Policy coverage showing coverage at or around 20% by 2021. PS and LS appear 
to stabilize relatively quickly at a much lower rate.

Open access Altmetrics advantage

As Mendeley coverage is almost complete for all cohorts, the ratio of coverage from OA- 
to non-OA papers approximates to 1.00 for all samples. However, a consistent OAAA for 
the mean number of Mendeley readers exists, ranging from 1.17 to 1.47, suggesting that 
OA papers have been saved more frequently than their non-OA counterparts (Fig. 7).

For Twitter coverage, older OA papers appear to have an OAAA of less than one (i.e. 
are less likely to be tweeted about), however this disadvantage is seen to decrease and 

Table 8   Proportion of papers with policy citations over the observation period (%)

* Years in which the proportion of papers with policy citations differed between cohorts for articles of the 
same age as calculated by a chi-squared test, p ≥ 0.05
† Insufficient evidence to reject the null hypothesis

Pub year Age of paper at observation in years

0 1† 2† 3† †- 5* 6* 7† 8* 9* 10* 11† 12† 13

2008 1.1 2.2 11.6 14.8 17.8 18.6
2009 1.5 3.6 12.9 14.0 18.3 19.3
2010 1.5 2.4 8.9 10.9 16.2 17.5
2011 0.5 1.0 5.5 7.8 11.5 11.5
2012 0.1 0.7 4.4 6.3 6.3 9.3
2013 0.0 0.0 3.1 5.2 8.8 8.8
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ultimately disappear over the observation period. In general, the values for mean Twit-
ter attention are more variable than either Twitter coverage, or Mendeley averages: the 
older papers (published in 2008–2010) show a tendency to move from either parity or 
having a disadvantage early in the experiment, to having a moderate advantage by 2021 
(Fig. 8).

This trend, that the OAAA varies by both sampling period and publication date 
is reflected in attention from News outlets, with OA papers published between 2008 

Fig. 6   Proportion of papers with policy coverage over the observation period by discipline (%)

Fig. 7   Ratio average Mendeley readers, OA publications: non-OA publications (OAAA). *Samples (and 
whole years) are significant as calculated by t-test, p ≥ 0.05
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and 2010 showing a striking disadvantage at the start of the experiment but showing 
an advantage at the end (Fig. 9). Papers published in 2011–2013 both start and finish 
with an OAAA, whereas the older papers start with a disadvantage, before gaining their 
advantage.

Blog coverage, in contrast, shows an OAAA for all data points, albeit it one that is 
stronger for the younger papers (Fig. 10). In striking contrast to other data points, the 
OAAA is generally seen to decrease over the sampling period for the younger papers, 
published in 2012–2013. The OAAA is generally consistent across the sampling period 
for the older papers.

Fig. 8   Ratio of average Twitter accounts for OA publications: non-OA publications (OAAA). *Samples 
(and whole years) are significant as calculated by t-test, p ≥ 0.05

Fig. 9   Ratio of news coverage for OA publications: non-OA publications (OAAA). *Samples (and whole 
years) are significant as calculated by z-test, p ≥ 0.05
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Policy coverage shows a marked different in trend from other attention sources, all 
papers of all ages having an OAAA of less than 1, i.e., a disadvantage (Fig. 11). This 
disadvantage is seen to shrink over the course of the experiment, nevertheless, most 
cohorts show an OAAA disadvantage even in the final year, with only papers published 
in 2009 showing an advantage, and 2008 and 2011 showing neither advantage new 
disadvantage.

Fig. 10   Ratio of blog coverage for OA publications: non-OA publications (OAAA). *Samples (and whole 
years) are significant as calculated by z-test, p ≥ 0.05

Fig. 11   Ratio of policy coverage for OA publications: non-OA publications (OAAA). *Samples (and whole 
years) are significant as calculated by z-test, p ≥ 0.05
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Discussion

There are a number of limitations in this paper. First, the samples are unequally distributed 
across the age, which limits the effectiveness of statistical analysis. Secondly, the OA 
status of the articles is that defined by Unpaywall in 2021. It is likely that a subset of these 
papers have become open over time, however there is no reliable data on which to identify 
those dates. This analysis compares non-OA research with all OA, without analysing for 
differences between the different forms of OA publication.

The researchers’ affiliations for this dataset are drawn from institutions that are known 
to show very high rates of altmetrics activity, and therefore care should be taken when 
extrapolating findings to other research outputs.

Only five altmetric data sources are examined. Although, for example, Altmetric have 
added Wikipedia data retrospectively, it wasn’t available at the start of the observation 
period. Whilst this paper does contain some insights from Altmetric LLP on changes to the 
data collection process, it cannot report on smaller, day-to-day changes that may result in 
changes in data collection trends.

This research does not attempt to examine the relationship between attention sources 
(Fraumann & Colavizza, 2022; Htoo et al, 2022).

Variations between altmetrics suppliers and attention sources

Variations exist between the methods used by different altmetric providers to collect and 
collate data, and between different data sources collected by individual altmetric data 
providers.

In terms of data collection and analysis, some data sources have Application Programme 
Interfaces (APIs) that enable direct querying of a database to obtain data using a key, such 
as a Digital Object Identifier. Other sources are significantly more complex and need to 
be ‘scraped’, i.e., the documents accessed from the web, and then parsed for mentions and 
citations. In the case of Mendeley, where the catalogue of documents is, to some extent, 
crowd-sourced, the data is aggregated against an individual document key by an automated 
process and accessed via an API. In the case of Twitter, News and Policy documents, the 
burden for aggregating data is placed with the supplier, e.g. PlumX or Altmetric. Data 
aggregators may choose to report only DOIs or URLs embedded in the documents, or they 
may develop complex technologies to identify, extract and match text-only mentions.

These processes all have strengths and weaknesses: use of a data source from an API 
typically doesn’t expose the underlying data. Web content that has to be ‘scraped’ is subject 
to a number of external factors that affects both the number of documents with attention, 
and the rate at which that attention is reported. These variables may be commercial, legal 
or technical. Unlike scholarly content, blogs and newspapers are rarely archived by the 
publishers and may become unavailable over time. Political and organizational changes 
often result in unstable web repositories of policy documents and research data (Eng, 
2017), and unclear copyright and poor hosting and archive practices reduce the likelihood 
of policy documents remaining available for ongoing examination or analysis.

The process of, for example, identifying a citation in a policy document—where there 
are no formal standards for making citations—is heuristic. Suppliers such as Altmetric 
invest in algorithms to identify and resolve these citations; and will engage in ongoing 
projects to improve both precision and recall figures. These improvements may lead 
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to fluctuations in altmetric activity being reported, even in the absence of an underlying 
causative trend. These improvements may be retrospectively applied to improve historical 
data.

Growth in coverage over time

The sampling process gives us the opportunity of comparing sets of papers at the same 
stage of maturity in several years. Three ages have four samples. Year 5 is represented 
by the 2008, 2009, 2012 and 2013 cohorts, being sampled in 2013, 2014, 2017 and 2018 
respectively. Year 8 is represented by 2009, 2010, 2012 and 2013, and Year 9 by the 2008, 
2009, 2012 and 2013 cohorts. Only one cohort was sampled in the year of publishing 
(2013), and one thirteen years after publishing (2008’s cohort, sampled in 2021). Using 
these data points, we can analyse the growth (or otherwise) of each attention source.

Mendeley coverage approaches saturation for all except for the very youngest papers in 
the earliest sampling periods. Nevertheless, the growth in the average Mendeley readership 
is significant, showing sustained year-on-year growth in the years following the platform’s 
launch. Growth is particularly noticeable in samples from 2014, following Elsevier’s 2013 
acquisition of Mendeley, and the relatively short-lived #mendelete campaign (Deville, 
2013). An unknown question is whether Mendeley users have remained loyal to the 
platform as their careers have developed, and whether Elsevier has continued to grow its 
market share: the average readership growth between 2020 and 2021 appears to be at a 
much lower rate than may have been expected, for example, the 2013 cohort were 7 and 
8 years old in 2020 and 2021, and grew by an average of only 4.6 readers. In contrast, the 
2010 cohort were 7 and 8 in 2017 and 2018, and grew by an average of 14.5. This apparent 
reduction in readership acquisition in latter years is seen across all four disciplines, and 
reinforces previous observations of a potential decline in Mendeley usage (Fang et  al., 
2020).

Twitter’s growth in research coverage is dramatic: the 2008 cohort achieved 31.1% 
coverage in its fifth year; the 2013 cohort is recorded with 90.6% coverage at the same age. 
The mean Tweets per paper also increase, the 2008 cohort having 0.4 tweets per paper in 
its fifth year; the 2013 having 3.6. Average tweets per paper are approximately twice as 
high for MHS and HSS than for the other disciplines. Usage of the Twitter platform has 
expanded significantly since its launch, and this growth continued throughout the sampling 
period, with figures of 7.8% in 2015 and 5.4% in 2019 (Statista, 2021). These findings are 
inline with other research (Fang et al, 2020), although offer new insights in how adoption 
of this platform expanded rapidly, before slowing its rate of growth over the observation 
period.

News coverage growth reported by Altmetric.com is likely to result from improvements 
in their collection processes and through the increasingly availability of news on the 
Internet. News coverage of research favours younger publications: papers aged 5, sampled 
in 2013, 2014, 2020 and 2021 jump from 4.1% to 18.5%. In contrast, papers aged 9, 
sampled in 2013, 2014, 2017 and 2018 show no significant growth.

Blog coverage is observed to decline over time: all measurements show a year-on-year 
decline. The oldest papers aged 9, sampled in 2017 had achieved 45.8% coverage, whereas 
the younger papers (published in 2012) had only achieved 20.7% coverage when sampled 
in 2021, aged 9. A possible interpretation is that bloggers were moving platforms, possibly 
to Twitter.
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Altmetric started indexing policy documents in 2013, and adds policy repositories 
on an ongoing basis, which provides an explanation for the apparently growth reported 
between cohorts, when comparing documents age-for-age. Policy citations are scraped 
by Altmetric LLP who frequently refresh and grow the policy repositories they access 
(Altmetric, 2020). In general, this is shown in the data. Nevertheless, policy coverage 
rates are generally low: papers aged 5 years old achieve between 1.1% and 5.2% cover-
age. However, the growth in policy citation across the observation period is very high, 
with the first policy citations rarely appearing in the first two years of a publication’s 
lifecycle. As policies and white papers are often published at the end of a research and 
consultative period, this relative lack of pace is to be expected, and is reflected in the 
much higher coverage figures for the oldest set of publications.

Growth in coverage over publication age

It has been previously reported that Mendeley saves accumulate from the moment 
that a paper becomes available (Maflahi & Thelwall, 2018). The observations in this 
research confirm this finding: sustained growth is observed, Mendeley is a robust, 
life-long indicator of academic interest. The oldest set of research (published in 2008, 
sampled in 2021) grew by an average of 5.2 readers in its thirteenth year.

Twitter growth across the age of a paper is less sustained than Mendeley with 
the rate of coverage expansion dropping off rapidly, confirming observations made 
elsewhere (Ortega, 2018). Nevertheless, the increase coverage and average values 
suggest that both the number of people tweeting about research and the amount of 
research they share has grown over time.

Two idiosyncrasies are observed. Firstly, Twitter rates for the 2008 cohort increase 
markedly between years 2014 and 2017, a rise that is not evident in the 2013 cohort. 
A possible interpretation is that as academic use of Twitter was growing, users were 
exploring papers published in the preceding decade, whereas papers published in 2013 
had already received optimum attention by the Twitter community.

Secondly, there is a small drop in the level of Twitter coverage following the 
introduction of the General Data Protection Regulation (GDPR) in 2018. This law 
requires organizations such as Altmetric to remove deleted tweets and Twitter account 
data. Accordingly, the Twitter numbers following the implementation of GDPR are 
seen to drop for some cohorts, in terms of both coverage and average.

The rate of news coverage slows with the age of publication but doesn’t altogether 
stop. Although news coverage growth is seen to slow, there are outliers: the oldest set 
of research acquired new coverage in its thirteenth year. In contrast, blog coverage 
does plateau, with growth typically slowing by the age 7, and stopping at age 8.

Growth in policy citations is mostly driven by older papers, predominantly in MHS 
and HSS, suggesting that these two areas have more potential to influence public 
policy and governance than either LS or PTS. The slow rate of growth suggests two 
possible interpretations: that the policy process is generally slow and considered, and 
that research needs to be considered trustworthy—‘tried and tested’—before being 
incorporated into policy.

COVID-19 has fundamentally changed global health research, both in terms of its 
speed (Park et  al., 2021) and openness (Fraser et  al., 2021), and it seems likely that 
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policy impact timelines will have been reduced: without longevity of exposure, atten-
tion should be given to how research gains trust and authority.

The probability of late emergence

This research confirms the hypothesis that late-emergent papers may exist (Demaine, 2018). 
Although Mendeley reaches saturation relatively quickly, there are papers getting their first 
Mendeley readers at ages 5 and 6. Although the likelihood of receiving a first tweet declines 
dramatically after the first year, this research identified ‘first tweets’ for papers aged 8 and 
9. News and (to a lesser extent) blogs show a more prolonged tail than either Mendeley or 
Twitter, with the first-year drop being much less marked. Papers without previous mentions, 
had a 1% chance of receiving their first attention aged 8 and 9.

In contrast with all other indicators, the probability of a paper receiving its first policy 
citation is seen to rise with the age of the paper: although that probability isn’t seen to rise 
above 1%, this research suggests peak novel policy attention is shown to be between 5 and 
10 years of age.

The evolution of the OAAA​

Mendeley readership reports a consistent OAAA for all years and ages, suggesting that the 
academic community had a moderate bias towards bookmarking OA research. Twitter 
coverage (the proportion of papers with tweets) shows no preference between OA and 
non-OA, however, there is a significant OAAA for the average number of Tweets. Both 
phenomena suggest that there are two selection processes at play: the active populations are 
neutral on the question of whether to tweet (or save) an article, but that OA papers are more 
likely to receive attention once that criterion is met.

The OAAA for news is more complex. In fact, the early years (2008–2010) demonstrate a 
significant OA Altmetric Disadvantage, with parity only being achieved three years into the 
experiment. Papers published from 2011 did not suffer any disadvantage, and the youngest 
cohort (published in 2013) enjoyed a significant OAAA ranging from 1.43 to 1.81.

Three elements could be contributing to this effect.
Firstly, as publishing transitions towards increasing rates of OA publications, the quality of 

OA research could be improving, with commensurate growth in usage.
Secondly, it’s possible that the newly emergent OA journals were not investing in preparing 

press releases, and thereby failing to come to the attention of journalists. The Mendeley 
data presented here is the best proxy for academic trust, and that suggests that the first 
explanation—‘lower quality’—is not the answer. Policy—the slowest indicator studied here—
shows the weakest and latest OAAA, suggesting that trust in OA research was the slowest to 
develop.

Thirdly there may be questions of trust or authority involved, with members of the non-
academic community unwilling to rely on ‘freely available’ research, or unfamiliar with the 
nature or quality of the emergent OA journals.

Whilst care should be taken to communicate the value of all research; the continuing body 
of evidence for the enhanced and prolonged reach and impact of OA research should taken 
into account in future research strategy plans.
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Conclusions

This research addresses a number of gaps in the altmetric literature, establishing a number 
of very long-term trends in platforms: the growth and dominance in Mendeley, and its 
recent drop in growth; the continued growth of both the research-tweeting population, and 
the rate at which they tweet, and the reported decline in blogging coverage of research. 
This research also confirms observations that Policy Citations are the slowest form of 
attention to accrue, but one that favours the Humanities and Social Sciences.

Just as citation databases will add and remove journals from their index and improve 
their citation parsers, resulting in changes to their data, so altmetric providers make 
improvements, add new sources and implement legislation. These changes will affect 
altmetric data: this research may be used to understand those dependencies, and to report 
on how users may account for the differences.

Late-emergent research is confirmed as predicted (Demaine, 2018) and initially explored 
(Hou et al, 2020). This phenomenon is demonstrated in all studied attention sources, with 
the research confirming the importance of longevity when it comes to the social impact 
of research via policy documents. Research evaluation techniques should be adopted that 
properly recognize the slow nature of this valuable impact, especially given the strong bias 
favouring policy impact for the humanities and social scientists.

This research sheds new light on the adoption and use of OA research, as measured 
by the existence of different OAAA rates from among the five altmetric attention sources 
examined. While those sources that are more proximal to the academic community 
(Mendeley, blogs, Twitter) were relatively quick to show higher usage rates of OA research, 
those more distant (news, policy) did not show an uptake, and were occasionally seen to be 
biased against OA research.

These findings reinforce the importance of comparing like-for-like data points, and of 
normalizing for both year of publication and year of collection for altmetric researchers 
and in metrics calculations (Thelwall, 2017); however differences between years do not 
appear to justify a finer granularity. These findings align with those previously made about 
citation-based metrics (Clements et al., 2017; Hutchins et al, 2016).

Future work

An area of work hitherto understudied is the degree to which the different attention sources 
interact with each other, the degree to which these result in broader impact, and the extent 
to which they are measured by altmetrics. Future work should focus on the mechanisms of 
social impact, and in particular how implicit assumptions and biases in collection result in 
uneven attention being paid to certain areas and bodies involved in research. Similarly, the 
mechanism of interaction between altmetric and citation sources, and how that might differ 
between Open Access and non-Open Access research has not been analysed in depth.

Appendix

See Fig. 12.
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