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Abstract

This paper investigates the data accumulation velocity of 12 Altmetric.com data sources.
DOI created date recorded by Crossref and altmetric event posted date tracked by Altmet-
ric.com are combined to reflect the altmetric data accumulation patterns over time and to
compare the data accumulation velocity of various data sources through three proposed
indicators, including Velocity Index, altmetric half-life, and altmetric time delay. Results
show that altmetric data sources exhibit different data accumulation velocity. Some altmet-
ric data sources have data accumulated very fast within the first few days after publication,
such as Reddit, Twitter, News, Facebook, Google+, and Blogs. On the opposite spectrum,
research outputs are at relatively slow pace in accruing data on some data sources, like
Policy documents, Peer review, Q&A, Wikipedia, Video, and F1000Prime. Most altmetric
data sources’ velocity degree also changes by document types, subject fields, and research
topics. The type Review is slower in receiving altmetric mentions than Article, while Edi-
torial Material and Letter are typically faster. In general, most altmetric data sources show
higher velocity values in the fields of Physical Sciences and Engineering and Life and
Earth Sciences. Within each field, there also exist some research topics that attract social
attention faster than others.

Keywords Altmetrics - Crossref - Data accumulation speed - Velocity Index - Altmetric
half-life - Time delay

Introduction

“Speed” has been highlighted as one of the most important characteristics of altmetrics

(Wouters and Costas 2012; Bornmann 2014). Compared to citations, which has been often
criticized for its time delay in providing reliable measurement for research impact (Wang
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2013), speed in the context of altmetrics is related to the idea that the impact of a given
scientific output can be measured and analyzed much earlier (Priem et al. 2010; Moham-
madi and Thelwall 2014). Publication delays are considered to substantially slow down
the formal communication and dissemination of scientific knowledge (Amat 2008; Bjork
and Solomon 2013). In contrast, scholarly interactions on social media platforms are likely
to happen within a very short time-frame. For instance, Twitter mentions of scientific
documents may occur immediately within hours or even minutes after they were available
online (Shuai et al. 2012; Haustein et al. 2015a).

However, because of the strong heterogeneity of altmetrics (Haustein 2016), which
incorporate a wide range of metrics based on different types of data sources, it is difficult
to establish a clear-cut and unified conceptual framework for the temporal analysis of all
altmetrics. Each altmetric indicator, typically with unique functions and aimed at differ-
ent audiences, may tell different stories about the reception of publications, and show dis-
tinguishing patterns in varying contexts. Lin and Fenner (2013) concluded that altmetrics
are very likely representing very different things. From this point of view, we argue that
the interpretation of the characteristic properties of different altmetrics should be made for
each metric separately, including among these properties also their “speed”.

Accumulation patterns and immediacy measurement of citations and usage metrics

In contrast to altmetric data, the accumulation patterns of citations have already been
widely discussed in previous studies from several perspectives, such as their “obsoles-
cence” (Line 1993), “ageing” (Aversa 1985; Glidnzel and Schoepflin 1995), “durability”
(Costas et al. 2010), or “delayed recognition” (Garfield 1980; Min et al. 2016). Citation
histories, which relate to the analysis of the distribution of citations over time, were mainly
studied from the synchronous or diachronous perspectives (Stinson and Lancaster 1987).
The former considers the distribution of the publication years of cited references, while the
latter focuses on the distribution of received citations over time (Colavizza and Franceschet
2016; Sun et al. 2016), which are also referred to as “retrospective citations” and “prospec-
tive citations”, respectively (Glidnzel 2004). These two approaches have been applied to
studying the accumulation patterns of usage metric data as well. With the development of
digital publishing, usage metrics have been proposed and adopted by publishers during the
last decades to supplement citations in reflecting how frequently scientific outputs are used
and measuring their early impact to some extent (Schloegl and Gorraiz 2011). From the
synchronous perspective, Kurtz et al. (2005) concluded that most studies of obsolescence
found that the use of literature declines exponentially with age. The diachronous accumu-
lation patterns of usage metrics, like views, downloads, reads, etc., were investigated and
often compared with citations. On the basis of page views data of Nature publications,
Wang et al. (2014) explored the dynamic usage history over time and found that papers are
used most frequently within a short period after publication, finding that in median it only
takes 7 days for papers to reach half of their total page views. Schlogl et al. (2014) reported
that citations take several years until they reach their peak, however most downloads of
papers are quickly accrued in the same publication year. In a similar fashion, Moed (2005)
already found that citations and downloads show different patterns of obsolescence, and
about 40% of downloads accumulated within the first 6 months after publication. More
recently Wang et al. (2016a) using the article-level “usage counts” provided by Web of
Science to investigate the usage patterns of indexed papers, identified that newly published
papers accumulated more Web of Science usage counts than older papers.
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As to the measurement of the “speed” of citations and usage metrics, several indica-
tors have been created and applied in practice. For example, based on the time elapsed
between the publication date and the date of the first citation of a paper, Schubert and
Glinzel (1986) developed the indicator mean response time (MRT) in order to measure
the citation speed of journals, understood as the properly formed average number of years
between the publication of articles in a journal and the time of their first citation. In order
to measure how quickly articles in a journal are cited, the Journal Citation Reports (JCR)
calculates the indicator named Immediacy Index for each journal in each year. This indi-
cator is defined as the average number of times an article is cited in the same year it is
published.! Besides, at the journal level, Cited Half-Life and Citing Half-Life are also cal-
culated by JCR to measure how fast journals are accumulating half of their citations and
how far back that citing relationship extends.” Analogous to the citation-based Immedi-
acy Index and half-life, the “usage immediacy index” and “usage half-life” (Rowlands and
Nicholas 2007), “download immediacy index” (Wan et al. 2010) were proposed to describe
the life cycle of usage metrics. By analyzing usage data in the field of oncology collected
from Science Direct, Schloegl and Gorraiz (2010) calculated the mean usage half-life and
found that it is much shorter than the average cited half-life, observing also different obso-
lescence patterns between downloads and citations.

Accumulation patterns and immediacy measurement of altmetric data

Since the emergence of altmetrics, most related studies have focused on the coverage of
publications across altmetric sources and their correlation with citation counts (Thelwall
et al. 2013; Haustein et al. 2014; Costas et al. 2015a). Less attention was paid to the study
of the accumulation velocity of altmetric data over time. Only a few altmetric data sources
were investigated from the perspective of their immediacy. Maflahi and Thelwall (2018)
conducted a longitudinal weekly study of the Mendeley readers of articles in six library
and information science journals and found that they start to accrue early from when arti-
cles are first available online and continue to steadily build over time, being this the case
even for journals with large publication delays. Thelwall (2017) also found that articles
attracted between 0.1 and 0.8 Mendeley readers on average in the month they first appeared
in Scopus, with some variability across subject fields. The results based on PeerJ social
referrals data of Wang et al. (2016b) suggested that the number of “visits” to papers from
social media (Twitter and Facebook) accumulates very quickly after publication. By com-
paring the temporal patterns of Twitter mentions and downloads of arXiv papers, Shuai
et al. (2012) found that Twitter mentions have shorter delays and narrower time spans than
arXiv downloads. Ortega (2018) made a comparison of temporal distribution at the month
time interval among citations, views, downloads, Mendeley readership, tweets, and blog
mentions recorded by PlumX, and concluded that tweets and blog mentions are the quick-
est available metrics. Yu et al. (2017) found that Twitter and Weibo are more immediate
than citations, however they also suggested that not all altmetric data sources have the
same degree of immediacy.

! See more information about Immediacy Index at: https://clarivate.com/webofsciencegroup/blog/know-
your-metrics-immediacy-index/.

2 See more information about Cited and Citing Half-Lives at: https://clarivate.com/webofsciencegroup/
blog/a-closer-look-at-cited-and-citing-half-lives/.
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In contrast to citation histories, which are mainly analyzed at year or month levels, for
altmetrics it is insufficient to use such large time aggregations, since the real-time update
of social media metric data makes altmetric events around research outputs visible within
smaller time scales (e.g. hours or days). Nevertheless, a large-scale quantitative analysis
comparing the data accumulation patterns of different altmetric data sources at the micro-
level time interval (i.e. day) is still missing in the literature in altmetrics, probably caused
by the absence of a reliable and precise proxy for publication dates, a piece of informa-
tion that is critical in order to study the accumulation patterns of altmetric data (Haustein
et al. 2015a). Crossref provides several publication dates for its recorded DOIs, such as
DOI created date (date on which the DOI was first registered), published-online date (date
on which the work was published online); published-print date (date on which the work
was published in print), etc. The distribution and potential of these date information for
altmetrics have been compared and analyzed in a previous study (Fang and Costas 2018),
as suggested by Haustein et al. (2015a), the value of DOI created date as a fine-grained
benchmark of publication date in the context of altmetrics was highlighted.

In this paper, on the basis of DOI created date recorded by Crossref, as well as the alt-
metric event posted date® recorded by Altmetric.com, we compare the accumulation veloc-
ity amongst different types of altmetric data from a diachronous perspective.

Objectives
The main objectives of this study are:

(1) to measure the accumulation velocity of altmetric data of scientific publications on
12 Altmetric.com data sources, here velocity referring to the pace at which altmetric
events accumulate over time, and

(2) to compare altmetric data accumulation velocity of different altmetric data sources
across document types, subject fields, and research topics.

The specific research questions are as follows:

Q1 How are the altmetric data accumulation patterns of various Altmetric.com data
sources?

Q2  On which data sources do newly published research outputs show higher velocity in
accruing altmetric data (and which ones are relatively lower)?

Q3 How do the data accumulation velocity of different Altmetric.com data sources vary
across document types, subject fields, and research topics?

3 This is the date on which a given altmetric event (e.g. a tweet, a News mention, a Blog citation, etc.) was
posted online or published (for policy documents).
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Data and methods
Altmetric.com data sources with altmetric event posted date

In this study altmetric event records of 12 Altmetric.com data sources with posted date are
selected as research objects. The altmetric data for this study were provided by Altmet-
ric.com in a dump file with their data until October 2017. Table 1 presents these 12 data
sources with event posted date information tracked by Altmetric.com together with the date
when they started their coverage.

Dataset

Considering the posted dates of the different altmetric events, we could know the exact
date on which an altmetric event was posted. In addition, in order to study the accumu-
lation patterns of altmetric data at the day time interval, DOI created dates of research
outputs recorded by Crossref are collected to serve as the proxy of publication dates. To
obtain both altmetric event posted date and DOI created date for measuring accumulation
velocity, Web of Science (WoS) publications with the following criteria were selected as
research objects:

1. Publications with DOI recorded by Crossref. In order to get the DOI created dates,
selected publications must have DOIs recorded by Crossref.

2. Publications with publication date ranging from 2012 to 2016 according to both WoS
publication year and Crossref DOI created date. To filter out old publications with
newly registered DOIs (Fang and Costas 2018), WoS publication year is also used as a
benchmark to restrict the publication year of samples.

3. Publications with at least one altmetric event recorded from any altmetric data source
listed in Table 1.

4. Publications without arXiv preprint version tracked by Altmetric.com. The existence
of preprint version makes research outputs available to social media before they are
formally published (Darling et al. 2013), which may lead to the altmetric record posted
dates to be earlier than the publication date. Therefore, publications with arXiv IDs
tracked by Altmetric.com are not included in this study.

According to the above criteria, there are 2,597,339 publications extracted from the
CWTS in-house WoS database. However, 204,387 of them (accounting for 7.9%) have at
least one altmetric event posted date earlier than their DOI created dates. Except for the
influence of preprint versions, in theory an altmetric event cannot mention a DOI before
it exists. The possible reasons for the existence of these unreliable cases are the following:

1. Crossref DOI created dates may contain errors and not always accurately reflecting the
publication date.

2. Publications’ DOI created dates may be updated by publishers due to different reasons
(e.g. publisher mergers).*

4 Extracted from personal communication with Euan Adie from Altmetric.com.
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Table 2 General presence of altmetric data for the dataset

Data source N (publications) N (altmetric events) Coverage (%) Intensity
Twitter 2,157,556 14,853,823 90.2 6.9
Facebook 545,370 1,375,880 22.8 2.5
News 224,036 1,037,719 9.4 4.6
Blogs 200,784 360,736 8.4 1.8
Google+ 84,754 216,787 35 2.6
Wikipedia 75,693 106,917 32 1.4
Policy documents 56,296 73,523 2.4 1.3
F1000Prime 39,981 48,517 1.7 1.2
Reddit 31,726 43,805 1.3 1.4
Peer review 20,783 33,599 0.9 1.6
Video 12,918 18,643 0.5 1.4
Q&A 2369 2474 0.1 1.0

Coverage refers to the proportion of publications with at least one corresponding altmetric event of all pub-
lications in our dataset. Intensity refers to the mean number of altmetric events of publications with at least
one corresponding altmetric event (Haustein et al. 2015b)

In order to ensure the highest precision in our analysis, publications with any altmetric
event posted date before their DOI created date are excluded from our analysis, resulting in
a total set of 2,392,952 publications that are finally analyzed in this study. Table 2 lists the
number of publications mentioned by each data source and the total number of altmetric
events they have accumulated in the dataset. Twitter contributes the most majority of alt-
metric data to selected publications, followed by Facebook.

Indicators and analytical approaches

Considering the diverse nature, scale, and user types of different altmetric data sources, it
is very likely that they exhibit also very different velocity degrees of accumulation in face
of newly published research outputs. To reflect the velocity differences among altmetric
data sources, we use three indicators to measure velocity from both flexible and fixed per-
spectives, including Velocity Index, altmetric half-life, and altmetric time delay.

For altmetric data accumulated on a specific data source, the Velocity Index (VI) refers
to the proportion of altmetric events that happened in a specific time interval (e.g. 1 day,
1 month, 1 year, etc.) after the publication of the papers. The calculation method is shown
in the formula below.

. P;
Velocity Index = —
TP,
P; is the number of events accrued in a specific time interval after publication (e.g. 1 day,
1 month, 1 year, etc.) for a set of publications, TP; indicates the total number of events dur-
ing the observed time window. In general, the closer to 1 of the Velocity Index, the more
immediate (faster) the altmetric data of new publications accumulated in the given obser-
vation period. Conversely, the closer to 0, the lower the accumulation velocity (i.e. more
events happened beyond the specified period of time).
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Social Sciences and Humanities (SSH)

Mathematics and Computer Science (MCS)

Biomedical and Health Sciences (BHS) Physical Sciences and Engineering (PSE)

S vosviewer

Fig.1 Five main subject fields of science of the CWTS publication-level classification system. Each circle
represents a micro-level field clustered by publications with similar research topics (micro-topics)

Besides, in line with the Twitter half-life and Twitter time delay proposed by Haustein
(2019), which refer to the number of days until 50% of all tweets have appeared and the
number of days between publication of a document and its first tweet, respectively, we
generalize these indicators for all altmetric data sources. Consequently, the altmetric half-
life of an altmetric data source is defined as the number of days until half of its events
have appeared, and altmetric time delay of a research output on an altmetric data source is
defined as the number of days between its publication and its first altmetric event on that
data source.

Both Velocity Index and altmetric half-life are based on overall data distribution of all
events received by a publication, while altmetric time delay focuses on a special altmetric
event (the first one). Velocity Index provides a flexible perspective for the measurement of
data accumulation velocity, since it allows for more nuanced time accumulation discus-
sions considering different time intervals (i.e. days, months, years). By comparison, altmet-
ric half-life and altmetric time delay provide a fixed perspective at the day level. Therefore,
these indicators work as relevant complements to each other in order to better characterize
the tempo of altmetric data accumulation.

In addition, the Spearman correlation analysis is performed with IBM SPSS Statistics
25 to explore the relationships among Velocity Index, altmetric half-life, and altmetric
time delay. Also, at the research topic level, in order to testify whether or not research top-
ics with fewer publications and altmetric events are more likely to reach higher values of
Velocity Index, the Spearman correlation analysis is applied to exhibit the relationships
among number of publications, number of altmetric events, and the Velocity Index.

CWTS publication-level classification system

The CWTS classification is a publication-level subject field classification system devel-
oped by Waltman and Van Eck (2012). It has not only been applied in Leiden Ranking
(https://www.leidenranking.com/), but also employed by many previous studies for sub-
ject field related analysis (Costas et al. 2015a; Didegah and Thelwall 2018). In the 2019
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Altmetric data accumulation patterns of 12 Altmetric.com data sources

100%

% - Reddit
90% Twitter
F1000Prime
Facebook

80% -

% Google+
Blogs

70% -

60% -

Half-life

Accumulative percentage

Policy documents

0 30 60 90 120 150 180 210 240 270 300 330 360
Interval between publication date and post date (Day)

Fig.2 Altmetric data accumulation patterns of 12 Altmetric.com data sources within the first year
(365 days) after publication

version of the publication-level classification, only citable items (Article, Review, and Let-
ter) indexed by Web of Science are clustered into 4535 micro-level fields. These micro-
fields correspond to small research topics (micro-topics), and they are assigned to five main
subject fields of science algorithmically obtained, including Social Sciences and Humani-
ties (SSH), Biomedical and Health Sciences (BHS), Physical Sciences and Engineering
(PES), Life and Earth Sciences (LES), and Mathematics and Computer Science (MCS),”
which are illustrated in Fig. 1 with VOSviewer. The layout of Fig. 1 is also used to exhibit
the Velocity Index of each micro-topic in the Result section. For the selected publications
in our dataset, 2,189,708 of them (accounting for 91.5%) have CWTS classification infor-
mation. This set of publications is drawn as our final sample of publications for the com-
parison of altmetric data accumulation velocity across subject fields and research topics.
Statistics on the general presence of different altmetric data across five main subject fields
can be found in Appendix Table 4.

5 See more information about CWTS classification system at: https://www.leidenranking.com/information/
fields.
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Table 3 Altmetric half-lives of

12 Altmetric.com data sources Rank Data source Altmc?tric

half-life
(day)

1 Reddit 7

2 Twitter 13

3 News 22

4 Google+ 25

5 Facebook 30

6 Blogs 47

7 F1000Prime 77

8 Video 394

9 Q&A 498

10 Wikipedia 515

11 Peer review 633

12 Policy documents 716

Results
Altmetric data accumulation patterns

The intervals between publication dates and altmetric events posted dates are calculated for
all altmetric events on each data source. Thus we can investigate the altmetric data accu-
mulation patterns at the day time interval. Figure 2 shows the different data accumulation
patterns of the 12 data sources within 1-year time interval (365 days) after publication.
Data sources show different data accumulation patterns. Altmetric events to newly pub-
lished research outputs on some data sources accumulated very fast, such as Reddit and
Twitter, since half of their data accrued in the first 2 weeks (14 days) after the research
outputs were published, and over 85% of their data happened within a year (365 days). Fol-
lowing Twitter and Reddit we have other pretty fast altmetric data sources including News,
Google+, Facebook, and Blogs. In contrast, Policy documents, Wikipedia, Q&A, and Peer
review show much slower data accumulation patterns. Only 21.5% of Policy document
citations, 31.9% of Peer review comments, 39.4% of Wikipedia citations, and 40.6% of
Q&A mentions are accumulated within 1 year, which means that most of the events from
these data sources happened more than a year after publication. Among these data sources,
F1000Prime presents some uniqueness. In the first month after research outputs are pub-
lished, the accumulation of F1000Prime recommendations is not very fast, but it speeds up
over time, with more than 84% of data accrued within the first year.

The dashed line at accumulative percentage of 50% in Fig. 2 indicates the altmetric half-
life, and Table 3 lists the altmetric half-lives of the 12 data sources analyzed. Reddit ranks
first, with a half-life of 7 days, followed by Twitter (13 days), News (22 days), Google+
(25 days), and Facebook (30 days). Over half of altmetric events on these data sources
happened within 1 month after the publication of research outputs. Other sources such as
Wikipedia, Peer review, and Policy documents, need over 500 days to accumulate half of
their event data. On the one hand, these data sources show lower reaction speed towards
newly published publications. On the other hand, it suggests that they also pay more atten-
tion to publications with older publication time.
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Fig.3 Velocity Index rankings at the day, month, and year time intervals

Generalizing the Velocity Index and altmetric time delay

The Velocity Indexes of each Altmetric.com data source at the day, month, and year time
intervals are calculated respectively, and the rankings of sources by their Velocity Index are
shown in Fig. 3. The rankings vary at different time intervals. Reddit, Twitter, and News
are the data sources showing the most immediate data accumulation patterns at the day,
month, and year time intervals. Followed by Facebook, Google+, and Blogs. While Pol-
icy documents, Peer review, Wikipedia, Q&A, and Video perform more slowly in their
Velocity Index values. F1000Prime, as mentioned above, although one of the slowest data
sources at the day time interval, ranks the third at the year time interval. This means that
the accumulation of F1000Prime recommendations of newly published research outputs is
relatively slow in the short term, but it is faster at the year time interval (see also Fig. 2).
The case of F1000Prime highlights the importance of considering together the altmetric
half-life of data sources and their Velocity Index, since both bring two different perspec-
tives about the tempo of altmetric data.

Besides the Velocity Index and altmetric half-life which are based on overall altmetric
data of each data source, we also consider the time delay of publications until they accrued
their first altmetric event from different data sources, in which case only one specific alt-
metric event of publications is considered. The number of days between being published
and being mentioned for the first time on a certain data source is calculated for each pub-
lication, and the distribution of altmetric time delays of the 12 Altmetric.com data sources
is plotted in Fig. 4. Each curve shows, for each specific data source, the proportion of pub-
lications that accrued the first altmetric event beyond certain number of days since being
published. For instance, only about 37% of publications received their first Twitter men-
tions after the 10th day after being published (the vertical dashed line in Fig. 4), while 94%
of publications received their first Wikipedia citations after the 10th day after publication.
In other words, around 63% of publications obtained their first Twitter mentions within
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Distribution of time delay of 12 Altmetric.com data sources
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Fig.4 Distribution of altmetric time delay of 12 Altmetric.com data sources in log(days)

10 days after publication, and only 6% of publications got the Wikipedia citations within
the same time period. The more skewed the curve, the higher the proportion of publica-
tions accrued their first altmetric event after a long time. As a result, publications are faster
to be visible on Twitter compared to other data sources, followed by Reddit, Google+,
and Facebook. For various altmetric data sources, the patterns of accumulating the first
altmetric event are quite similar with their Velocity Indexes at the month time interval and
altmetric half-lives (Appendix Table 5 provides the spearman correlations for the rankings
based on these three indicators).

Overall, Twitter, Reddit, Google+, Facebook, News, and Blogs can be categorized as
fast sources, while in general, F1000Prime, Video, Wikipedia, Q&A, Peer review, and Pol-
icy documents show lower velocity in mentioning research publications. These six data
sources can be classified as slow sources.

Velocity Index variations across document types

For different document types, their altmetric data accumulation velocity might show
some differences. So we utilize the Velocity Index at the month time interval to meas-
ure the altmetric data accumulation velocity for different document types across diverse
data sources. The differences in the Velocity Index across the four main document
types with most number of publications: Article (N=1,951,197, Coverage =81.5%),
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Velocity Index variations across four document types
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Review (N=196,722, Coverage=8.2%), Editorial Material (N=139,950, Cover-
age=5.8%), and Letter (N=52,038, Coverage =2.2%), are illustrated in Fig. 5. Pres-
ence of altmetric data across these four document types is listed in Appendix Table 6.
The type of Article is the largest in number of publications, so its Velocity Index is
very close to the overall Velocity Index of each data source. Review, Editorial Mate-
rial, and Letter, in comparison, show differences with the overall Velocity Index, espe-
cially for data sources with relatively high Velocity Index values. Reviews are not as
fast in accumulating altmetric data as compared to the other document types. Con-
versely, Editorial Material and Letter are document types more likely to be mentioned
faster after publication. The Velocity Indexes of these two document types are higher
than the overall Velocity Index for most data sources. In particular, Editorial Material
and Letter hold relatively high Velocity Indexes on Peer review platforms (Publons
and PubPeer), which is among the group of “slower” data sources based on the over-
all Velocity Index (Fig. 3) and its altmetric half-life (Table 3). The Review type also
has a slightly higher Velocity Index than the overall and Article type on Peer review
events. Results show that Peer review platforms seem to notice and comment on Edito-
rial Materials, Letters and Reviews more quickly than regular Articles. Although the
coverage of these three document types with Peer review data is limited (0.20-0.27%),
there are larger shares of Peer review comments that happened soon after their publica-
tion compared to other altmetric events of slow sources.
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Velocity Index variations across subject fields

The coverage of publications in Altmetric.com from different data sources differs by
subject fields (Zahedi et al. 2014; Costas et al. 2015b). In this study (Fig. 6) we analyze
the changes in the Velocity Index at the month time interval of different Altmetric.com
data sources across five major subject fields of science (using the CWTS classification).
Each row presents the Velocity Indexes of different altmetric data sources ranked from
high to low in each subject field. Each altmetric data source in Fig. 6 is indicated with
the same color, together with their specific Velocity Index. On the top of Fig. 6, altmet-
ric data sources are ranked by their overall Velocity Indexes at the month time interval.
Colorful lines between two Velocity Indexes in the same color display the rank changes
for the same data source across subject fields. According to these results, Twitter and
Reddit are the most immediate data sources to newly published research outputs in all
subject fields. By subject fields, the overall Velocity Indexes of all altmetric sources in
Physical Sciences and Engineering and Life and Earth Sciences are the highest. Face-
book shows the higher immediacy degree in the fields of Social Sciences and Humani-
ties and Mathematics and Computer Science, although overall, the Velocity Index val-
ues of these subject fields are comparatively low. Conversely, News has relatively high
Velocity Index in the fields of Physical Sciences and Engineering, Life and Earth Sci-
ences, and Biomedical and Health Sciences, while it is slower in Social Sciences and
Humanities. As to other data sources, they keep quite steady medium or low Velocity
Indexes in all subject fields. For example, Policy documents, Peer review, and Q&A
have the lowest Velocity Indexes across most subject fields, suggesting that these data
sources are comparatively less focused on more recent publications as compared to the
other sources regardless the subject fields of the publications.

From the perspective of altmetric time delay, Fig. 7 shows the distribution of altmet-
ric time delay across five main subject fields for 12 Altmetric.com data sources respec-
tively. For most data sources, although to different degrees, publications in the fields of
Physical Sciences and Engineering (PSE) and Life and Earth Sciences (LES) are faster
to receive their first altmetric mention. In contrast, it took more days for publications
in the fields of Social Sciences and Humanities (SSH) and Mathematics and Computer
Science (MCS) to accumulate the first altmetric event record. Altmetric time delays of
publications in Biomedical and Health Sciences (BHS) are in the middle on most data
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sources. Still, the accumulation velocity across subject fields in terms of altmetric time
delay is similar with the results observed through the lens of Velocity Index.

Velocity Index variations across research topics

Considering the Velocity Index at the month time interval, we further investigate the vari-
ations across research topics to study which topics accumulated altmetric data faster than
others. Twitter and Wikipedia are selected as two representatives for fast sources and slow
sources because they hold the largest data volume among their same types of data sources.
Velocity Indexes are calculated for publications within each micro-level field sharing the
similar research micro-topics based on Twitter mention data (Fig. 8) and Wikipedia cita-
tion data (Fig. 9). In both Figs. 8 and 9, size of each circle is determined by the number of
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publications with Twitter mention/Wikipedia citation data in this micro-level field, while
color is determined by the Velocity Index at the month time interval. Within micro-level
fields, number of publications and number of altmetric events are very weakly correlated
with the Velocity Index values based on Twitter data, and are moderately and positively
correlated with those based on Wikipedia data (Appendix Table 7), indicating that not all
of micro-level fields with fewer publications are more likely to reach high Velocity Index,
and vice versa. Some prominent research micro-topics with relatively high Velocity Index
values in every main subject field are highlighted with annotation texts.

From the point of view of Twitter data, are the research micro-topics in the fields of
Physical Sciences and Engineering the ones exhibiting the highest Velocity Index values in
contrast to the other fields, which is in correspondence with the above observations. Within
the other subject fields, there are some research micro-topics that show quite high Twitter
mention accumulation velocity as well. For example, “wireless power transfer” and “com-
pressive sensing” in Mathematics and Computer Science accumulated the majority of their
Twitter mentions in a short time, as well as “dinosauria” and “internal tide” in Life and
Earth Sciences. In the fields of Biomedical and Health Sciences and Social Sciences and
Humanities, “DNA vaccine”, “spiking neuron”, “response inhibition”, and “rock art” drew
attention on Twitter relatively fast too.

Compared to Twitter mentions, the overall accumulation velocity of Wikipedia citations
is much lower, and the difference among main subject fields is not as obvious as Twit-
ter. However, there also exist some research micro-topics showing higher data accumula-
tion velocity. For instance, “dinosauria” and “trilobita” in Life and Earth Sciences are two
micro-topics faster in Wikipedia. Publications about these two topics received more Wiki-
pedia citations in a short time period compared to the others. Similarly, “ecstasy” (caused
by drugs), “muscle synergy”, “warning Goldbach problem” and some other research
micro-topics accumulate Wikipedia citations also relatively fast. In the field of Social Sci-
ences and Humanities, although most research micro-topics were quite slow to be cited by
Wikipedia, some environmental protection related micro-topics, such as “ecocriticism” and
“resource curse”’, show higher Velocity Index values.

Discussion

Speed has always been assumed as a characteristic property of altmetrics, however not much
research has been done in characterizing the accumulation velocity of different altmetric
data at a large scale. This study fills this gap by describing the immediacy of altmetric data
accrued after the publication of research outputs. Using the DOI created date and altmetric
event posted date enables the possibility of studying the altmetric data accumulation patterns
at the day level. The date when a DOI was assigned to a publication provided by Crossref
has already been used to show the life cycle of some altmetric events at the month level by
Ortega (2018). This study investigates further on the accumulation velocity of various altmet-
ric data at a more micro-level time interval and considering a larger scale of data samples.

As observed by Sun et al. (2016), citation histories typically show a pattern of just a
few citations accrued within the first few years after publication, reaching a citation peak
after 3—4 years, and then a decrease afterwards. Yet most kinds of altmetric data exhibit a
different accumulation pattern compared with citations. We found that the accumulation
velocity of different altmetric data vary substantially across data sources, document types,
and subject fields.
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Variations across altmetric data sources

It is demonstrated that various altmetric data sources vary in their data accumulation pat-
terns, and the property of speed is not found to be owned by all of altmetric data sources.
Some of the altmetric data sources accrue a considerable proportion of events very soon
after the publication date of scientific outputs. Among these outputs we have Reddit, Twit-
ter, News, Facebook, Google+, and Blogs. All these altmetric data sources exhibit short
altmetric half-lives, short altmetric time delays and relatively high Velocity Indexes. There-
fore, it can be argued that their velocity aligns with the property of speed that altmetrics are
expected to have, being possible to label these as fast sources. However, for Policy docu-
ments, Q&A, Peer review, Wikipedia, Video, and F1000Prime events, only a very lim-
ited share of these altmetric events happened within a short time after publication, being
these slow sources. The data accumulation velocity of some slow sources are similar to that
of citations, with important delayed patterns after publication. For example, based on our
dataset, half of Policy document citations happened after 716 days since publication. Older
publications, however, seem also to still be attractive for these slow data sources, so that
their attention is not concentrated on just newly published research outputs. As a whole,
social media platforms and mainstream media are more immediate in sharing, discussing,
and reporting new research outputs.

Interestingly, different time windows may also show different sources as being fast or
slow. For example, although F1000Prime is seen as a slow source in the short term (e.g.
day or month level), it is one of the sources that accumulated the largest share of its events
within 1 year. This reinforces the importance of combining different perspectives (e.g. dif-
ferent indicators, different time windows) to study the tempo of altmetrics to provide the
most complete picture.

As a result, assumptions about the “speed” of types of events classified under the
umbrella term “altmetrics” should be taken with particular caution. Not all of them are fast
sources, and not all of them have the same accumulation pace. Thus, it is important to take
the social media landscape in which these events are produced into consideration (Alperin
2015). Once again, caution about the merging of altmetric sources in compound metrics
or global indicators must be observed, particularly considering that time affects differently
to different sources. Keeping altmetric events separate seems to be an important recom-
mendation, this given not only their fundamental differences (Haustein et al. 2016; Wouters
et al. 2019) but also their time accumulation patterns as demonstrated in this study. Moreo-
ver, the pace and tempo of different altmetrics cannot be seen as equivalent and, similar
to what happens with citations, these time differences need to be taken into account when
considering different time windows in altmetric research.

3

Variations across document types

Zahedi et al. (2014) concluded that the coverage of several altmetric data sources varies
across document types and subject fields. In this study, it is shown that the same type of
variations apply also to the data accumulation velocity of different altmetric data sources.
Thus, in terms of document types, Reviews (this document type mainly focuses on retrospec-
tively reviewing existing findings) are overall the slowest in accumulating altmetric events.
A possible reason for this slowest reception lies in the less innovative nature of Reviews. In
other words, Review papers are less prone to provide new research discoveries and more to
condense the state-of-the-art in a subject field or research topic, therefore lacking the novelty
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component of other document types. For example, the research topics presented in Edito-
rial Materials and Letters may be more likely to evoke social buzz immediately, since they
cover more novel topics, debates, scientific news, etc., without using a too complicated and
technical language (Haustein et al. 2015). The thematic property of these two document types
might facilitate the users’ attention received more immediately, particularly on Peer review
platforms, a type of altmetric data source which is mainly used by researchers, who are faster
to take notice of controversial topics emerging in the scientific community. This finding is
quite similar with the ageing patterns of citations to different document types: Editorial Mate-
rials and Letters were found more likely to be the “early rise-rapid decline” papers with most
citations accumulated in a relatively short time period, while Review was observed to be the
delayed document type with a slower growth (Costas et al. 2010; Wang 2013).

Variations across scientific fields and topics

In terms of scientific fields, research outputs from the fields of Physical Sciences and Engi-
neering and Life and Earth Sciences are more attractive to social media audiences shortly
after publication, accruing altmetric events faster compared to other fields. Research outputs
from the fields of both Social Sciences and Humanities and Mathematics and Computer
Science are relatively slower to be disseminated on altmetric data sources, although publica-
tions in these two fields hold different altmetric data coverage, with the former much higher
than the latter (Costas et al. 2015a). Such field-related data accumulation dynamics was also
observed in the context of citations, for instance, citation ageing in the social sciences and
mathematics journals is similarly slower than in the medical and chemistry journals (Glén-
zel and Schoepflin 1995), the physical, chemical, and earth sciences, fields in which the
research fronts are fast-moving, have more papers showing rapidly declining citation pattern
(Aksnes 2003). From the perspective of first-citation speed, papers in the field of physics
are faster in receiving the first citation, followed by biological, biomedical, and chemical
research, while mathematics papers show lower first-citation speed (Abramo et al. 2011).
Even though the overall accumulation patterns between citation data and most altmetric data
are obviously different, they share very similar tempos across scientific fields.

Furthermore, the variations do not only exist at the main subject field level, but also the
research topic level. Within each subject field, different research topics also show various
velocity patterns in receiving altmetric attention, both on fast sources or slow sources. This
signifies the thematic dependency of users in following up-to-date research outputs around
some topics, just like some certain research topics drive more social attention over others
(Robinson-Garcia et al. 2019). Thus, further research should focus on identifying the main
distinctive patterns of publications and research topics to determine their faster/slower
reception across altmetric sources, and how different observation time windows, and the
selection of different data sources, may affect real-time assessment in altmetric practice.

Limitations

The main limitation of this study lies in the precision of Crossref’s DOI created date as
the proxy of actual publication date of research outputs. There might still be a small dis-
tance between the date on which a DOI was created and the research output was actually
made publicly available, which could result in some inaccuracies in our results. Besides,
as we mentioned in the data part, DOI created dates might be updated due to the change
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of DOI status, thereby causing the unreliable time intervals. One of the effects of these
inaccuracies is that some publications may have altmetric event posted date even earlier
than DOI created dates. Therefore, publications with such unexpected time intervals have
been excluded from this study to lower the negative influence made by questionable DOI
created dates. Future research should focus on refining accurate methods of identifying the
effective publication date of research outputs. As shown in this study, they have important
repercussion to determine accurate time windows for altmetric research.

Conclusions

Several conclusions can be derived from this study. First, we conclude that not all altmet-
rics are fast and that they do not accumulate at the same speed, existing a fundamental
differentiation between fast sources (e.g. Reddit, Twitter, News, Facebook, Google+, and
Blogs) and slow sources (e.g. Policy documents, Q&A, Peer review, Wikipedia, Video, and
F1000Prime). Another important conclusion of this study is that the accumulation veloc-
ity of different kinds of altmetric data varies across document types, subject fields, and
research topics. The velocity of most altmetric data of Review papers is lower than that
of Articles, while Editorial Material and Letter are generally the fastest document types
in terms of altmetric reception. From the perspective of scientific fields, the velocity rank-
ing of different data sources changes across subject fields, and most altmetric data sources
show higher velocity values in the fields of Physical Sciences and Engineering and Life
and Earth Sciences, and lower in Social Sciences and Humanities and Mathematics and
Computer Science. Finally, with regards to individual research topics, substantial differ-
ences in the velocity of reception of altmetric events across topics have been identified,
even among topics within the same broader field. Such topical difference in velocity sug-
gests that it is worth studying the underlying reasons (e.g. hotness, controversies, scientific
debates, media coverage, etc.) of why some topics within the same research area do receive
social (media) attention much faster than others.
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Appendix

See Table 4, 5, 6 and 7.
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Table 5 Spearman correlations for the rankings of altmetric data sources from the perspectives of Velocity
Index at the month time interval, altmetric half-life, and altmetric time delay (proportion of altmetric events

with altmetric time delays no more than 10 days as the benchmark)

Velocity Index Altmetric half-life Altmetric
time delay
Velocity Index 1.000 0.979 0.944
Altmetric half-life 1.000 0.937
Altmetric time delay 1.000

Table 6 Descriptive statistics of altmetric events and publications mentioned by different altmetric data
sources across four main document types

Data source Article Review Editorial Material ~ Letter
NP NE NP NE NP NE NP NE

Reddit 25,330 32,919 2271 3056 2083 3415 510 601
Twitter 1,752,296 10,359,094 179,941 1,463,407 130,161 1,866,897 48,355 272,291
News 183,647 884,239 17,353 59,932 14,283 58,626 3740 17,269
Google+ 62,463 153,770 8826 20,556 8991 21,786 1435 2433
Facebook 424,922 1,009,847 52,502 140,350 44,091 144962 11,116 22,996
Blogs 162,979 293,559 17,684 28,813 12,724 23,720 2349 4066
F1000Prime 36,381 44,471 2970 3359 373 406 223 238
Video 10,619 14,873 1448 2553 550 733 133 200
Wikipedia 58,005 82,082 12,344 18,609 2802 3717 687 836
Peer review 19,706 31,171 535 847 276 1030 137 340
Q&A 1849 1926 355 374 100 106 22 22
Policy documents 46,796 60,321 6386 8708 2134 2818 613 752

NP refers to number of publications with corresponding altmetric data; NE refers to total number of cor-

responding altmetric events

Table 7 Spearman correlations
for micro-level fields (based on
Twitter and Wikipedia data)

@ Springer

Twitter Wikipedia

NP NE VI NP NE VI
NP 1.000  0.949 0.031 NP 1.000 0983 0424
NE 1.000  —-0.058 NE 1.000 0432
VI 1.000 VI 1.000

NP refers to number of publications with corresponding altmetric
data in the micro-level field; NE refers to total number of correspond-
ing altmetric events in the micro-level field; VI refers to the Velocity
Index at the month time interval
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