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An Investigation of the Quality of Altmetric Data with Altmetric.com and PlumX as
Examples

Tianhui Gong
Kent Business School,
University of Kent,
Canterbury, Kent CT2 7FS, UK
e-mail: thgb@kent.ac.uk

Abstract—Altmetrics, as an open-source tool to present the
social impact of publications, has drawn great attention in the
scientometrics and informatics fields. The quality of altmetric
data is fundamental for applying and analyzing altmetrics in
research evaluation, and altmetric data providers are crucial
in ensuring data quality. This paper selects the two most
commonly used altmetric data providers for an empirical study
on analyzing data quality, coverage, consistency and
heterogeneity. It proposes suggestions on the use of altmetrics
data of the two platforms in the hope of providing a useful
reference for other researchers.

Keywords-altmetrics; data quality; Altmetric.com; PlumX;

. INTRODUCTION

Modern scientific researchers are accustomed to the
mainstream trend of online academic exchanges. The
development of various user-oriented online social media
platforms such as blogs, Twitter, Facebook, has not only
attracted ever more researchers to utilize online search tools
for literary works but also provided increasing opportunities
to exhibit, share, comment, and discuss research outcomes
online. After the term altmetrics was first coined in [1], it has
gradually emerged as a prevalent research field for
contemporary scientometrics and informatics [2] [3] [4].
Undoubtedly, altmetrics provide alternative data sources for
academic evaluations. It is expected to improve the single
evaluation method, which is currently widely used but
merely relies on the citations in traditional measurement
evaluation methods. The advent of altmetrics is also
expected to compensate for the shortcomings of traditional
metrological evaluation methods such as time lag.

Data quality remains the core of the analyses and
applications of altmetrics. The altmetrics platforms are
crucial in providing data and guaranteeing data quality.
There has been a series of altmetrics platforms in use, such
as Altmetric, Plum analytics (PlumX), and ImpactStory.
With the gradual advancing of the research associated with
altmetric data, several authors have expressed their concerns
on data quality, data consistency and reliability [5] [6] [7].
Studies about altmetrics data and platforms appear relatively
distributed, with the applicability of the indexes still being a
matter of debate and the presence of divergent views about
the data consistency and variation. Therefore, this study uses
the data from Altmetric.com and Plumanalytics.com

Copyright (c) IARIA, 2022.  ISBN: 978-1-61208-955-3

Wenbin Liu
Research Center for Mathematics,
Beijing Normal University,
Zhuhai, 519087, China
e-mail: wbliu@uic.edu.cn

Shaomin Wu
Kent Business School,
University of Kent,
Canterbury, Kent CT2 7FS, UK
e-mail: s.m.wu@kent.ac.uk

(PlumX) as examples to carry out an empirical research on
their data coverage, consistency, and reliability.

The aim of the study is to provide a better understanding
of the associated altmetric data and furnish valuable
references for subsequent research.

The remainder of this paper is structured as follows.
Section Il introduces the data collection and processing
methods used in this paper. Section Il investigates and
classifies the coverage difference of the data sources. Section
IV analyses the consistency and heterogeneity of altmetric
data provided by the two platforms and discusses their
differences in detail. Section IV proposes suggestions on the
method for selecting altmetric data for use.

Il. DATA COLLECTION

Data were collected from the following platforms: Web
of Science, Altmetric.com, and PlumX. The collection dates
were in March 2020. This data sample contains 12,000
research papers derived from 76 random selected journals in
the social science field, and all papers are published in year
2017. We first extracted the DOI of each paper from Web of
Science, and then acquired associated altmetrics data via the
APIs of Altmetric.com and Plumanalytics.com. To compare
the data quality in a targeted manner, this study only focuses
on the common data shared by both platforms. Table |
summarizes the interpretation of data sources that were
studied.

TABLE I. ALTMETRIC DATA AND SOURCES INVOLVED
Interpretation of source
No. Data Altmetric.com PlumX
Altmetric.com curates a list | PlumX curates a list of
of blogs and collects links to | blogs and collects the
1 Blogs relevant academic content | number of blogs
through RSS feeds. mentioning the scholarly
output.
The number of users of | The number of scholarly
relevant scholarly outputs | outputs added to the
2 CiteULike | saved in CiteULike (not | literature management
included in Altmetric Score, | tool-CiteULike.
only in Altmetric Explorer).
Only tracks the posts on | Counts the number of
Facebook’s public pages | times the links to
3 Facebook and prioritizes  popular | scholarly outputs have
pages. been shared,
commented, or liked on
Facebook.
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The number of users who | The number of users

save scholarly outputs to | who add  scholarly

Mendeley Library is | outputs to Mendeley
4 Mendeley | recorded as the number of | Library.

readers. Attention Score no

longer counted, only data

provided.

Altmetric.com curates a list | PlumX curates a list of

of news sources and the | news  sources and
5 News third-party providers and | collects the number of

RSS feeds provide data | news mentioning the

directly. scholarly outputs.

Count the public tweets, | The number of tweets

reposts or quoted tweets of | and retweets mentioning
6 Twitter related scholarly outputs on | scholarly outputs via

Twitter, and monitor | Gnip.

suspicious activities.

Collects the mentions of | The number of

- scholarly outputs in | references cited in

! Wikipedia Wikipedia references; only | Wikipedia.

for English Wikipedia.

I1l.  COVERAGE

The coverage of altmetric data determines the range of its
application, accordingly we first compare the coverage of
each altmetric data source of the two platforms. The results
are shown in Table Il

The data source with the highest number of valid
readings in Altmetric.com (hereinafter referred to as
"Platform A") is Mendeley, and its coverage ratio is about
66.9% (8,031 valid readings/12,000 DOIs = 66.9%). The
coverage ratios of Twitter, Blogs, CiteULike, Facebook, and
News in Platform A are 64.1%, 13.6%, 4.8%, 26.1%, and
18.5%, respectively, while the coverage ratio of Wikipedia
stands to be the lowest at about 2.7%. The data source with
the highest number of valid readings in PlumX (hereinafter
referred to as "Platform P") is Mendeley as well, with a
coverage ratio of 97.6% (11,713/12,000 = 97.6%). The
coverage ratios of Twitter, Blogs, CiteULike, Facebook, and
News in Platform P are 54.7%, 8.3%, 4.2%, 13.2%, and
14.1%, respectively while the coverage ratio of Wikipedia
stands to be the lowest at about 3.4%. Platform A appears to
have higher coverage ratios in Blogs, Twitter, News,
CiteUlike and Facebook, while Platform P has higher
coverage ratios in Mendeley and Wikipedia.

TABLE Il ALTMETRICS DATA COVERAGE RATIO AND OVERLAPPING
RATIO OF PLATFORM A AND P
Altmetric.com PlumX Altmetric.com - PlumX
Overlaj ratio in ratio in
# % # % ping pe A P
Blogs 1630 13.6% | 1000 8.3% 633 38.8% 63.3%
CiteULike 578 4.8% 500 4.2% 423 73.2% 84.6%
Facebook 3135 26.1% | 1587 13.2% 903 28.8% 56.9%
Mendeley 8031 66.9% | 11713  97.6% 7859 97.9% 67.1%
News 2214 185% | 1693 14.1% 1524 68.8% 90.0%
Twitter 7691 64.1% | 6564 54.7% 6471 84.1% 98.6%
Wikipedia 329 2.7% 405 3.4% 300 91.2% 74.1%

Furthermore, we counted the number of overlapping data
(intersection) of each altmetric data source for the two
platforms, and the proportion of the number of the
overlapping data (intersection) in the respective data source
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of the two platforms. The results are also shown in Table II.
Based on the proportion of overlapping data in each data
source, the cross coverage of each data source in the two
platforms can be derived. It is worth emphasizing, in this
paper we only analyze the number of available data for each
altmetric data source and the associated numerical value is
not concerned. According to the results shown in Table II,
we divide the status of intersection of the altmetric data
sources among two platforms into three types:

(a) Dominant coverage: it means that one platform has
an obvious coverage advantage than another. For example,
the overlapping News data readings among two platforms is
1524, which accounts for 90% of News data coverage in
Platform P’s and 68.8% in Platform A’s. This result implies
that more News data has been collected in Platform A, and it
covers 90% of Platform P’s News data. Obviously, the News
data source coverage of Platform A appears significantly
higher than that of Platform P. For Twitter data, the
overlapping Twitter data readings among two platforms is
6.471, which accounts for 84.1% of Platform A's reading and
98.6% of Platform P's. Hence, the coverage of Twitter in
Platform A is greater than that of Platform P. Meanwhile,
Platform P retains clear data coverage advantages in
Mendeley and Wikipedia. The intersection data of Mendeley
in the two platforms is 7,859, which accounts for 97.9% of
Mendeley coverage in Platform A and 67.1% in Platform P.
It means 97.9% of Mendeley data collected by Platform A,
that has been covered by Platform P. Therefore, the
Mendeley data coverage of Platform P appears to be much
wider than Platform A. Similarly, the Wikipedia data
coverage of Platform P is better than that of Platform A. The
data sources with dominant coverage are drawn in Figure 1.

(b) Different coverage: it means the cross coverage of
two platforms is limited and both platforms have their own
unique data sources. For Blog and Facebook, the intersection
of the data source of the two platforms does not account for a
large proportion in any of the platform. The two platforms
have 633 overlapping Blog data readings, accounting for
38.8% and 63.3% of data coverage in platform A and P,
respectively. Although Platform A has more data than
Platform P, Platform P possesses different data coverage
from Platform A and its own unique data source. This means
the data sources of the two platforms only represent a limited
crossover range. A similar situation goes for Facebook: data
source coverages of the two platforms seem dissimilar, and
there exist certain overlaps and unique parts. The data
sources with different coverage are drawn in Figure 2.

(c) Similar coverage: it means that the intersection of the
same data source accounts for similar proportions in both of
the platforms. In terms of CiteULike data, the two platforms
show 423 intersection data readings, which account for about
84.6% of Platform P’s CiteULike, and 73.2% of Platform
A’s CiteULike. Although Platform A covers more CiteULike
data, the coverage of the CiteUlike data on the two platforms
tends to be similar, as shown in Figure 3.
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Twitter News
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Mendeley Wikipedia

== Altmetric.com PlumX
Figure 1. Schematic diagram for coverage advantages of data source in
one platform

Blogs Facebook

) )

= Altmetric.com Plumx

Figure 2. Schematic diagram for cross & different coverage of data source
in two platforms

423)

== Altmetric.com PlumX

CiteULike

Figure 3. Schematic diagram for similar coverage of data source in two
platforms

IV. CONSISTENCY AND HETEROGENEITY

In this section, a statistical method, the paired hypothesis
test, is implemented to evaluate the data consistency and
heterogeneity for the two platforms. Since there often exist
unavoidable differences between individuals, such as
experimental errors caused by the artificial factors or several
uncontrollable aspects, it is essential to determine whether
differences between the paired samples are merely random
errors, or caused by different treatment effects such as
collection methods. Prior to the hypothesis test, we tested
whether the data follow a normal distribution and the result
showed that all data source are not normally distributed.
Therefore we employed the Wilcoxon signed rank test, a
non-parametric test method for paring samples, to conduct
the significance test of difference. The basic idea of this test
is to assume that the two treatment effects of the pairing are
the same, then the population distribution of the difference is
symmetrical [11].

In the data pre-processing, we matched each altmetric
data with the same article and only retained the overlapping
data of the two platforms. For example, if an article has Blog
data on Platform A but not on Platform P, the Blog data of
this article is not included. Table Il shows descriptive
statistics of the overlapping data in the seven altmetric data
sources studied. It can be seen that the minimum data value
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of CiteULike, Blogs, News, Twitter, Facebook and
Wikipedia is 1 as both platforms do not present media data
with a value of 0 (we assume the empty data is not available
and could not be replaced by 0). While the value 0 in
Mendeley comes from the Mendeley API so we retained it.
The Wilcoxon Signed Rank Test was performed on the
overlapping altmetric data sources of the two platforms, and
the test results are shown in Table IV, in which Z stands for
the value of the test statistic. In the following section, we
will discuss the consistency and heterogeneity of each
altmetric data source according to the statistical results, and
analyze the reasons of the heterogeneity in detail.

TABLE III. STATISTICS OF OVERLAPPING DATA OF EACH
DATA SOURCE
N Mean Std. Deviation Minimum Maximum

Citeulike — Platform A 423  1.29 0.758 1 6
Citeulike — Platform P 423  1.28 0.719 1 6
Blogs - Platform A 633 3.17 3.687 1 31
Blogs - Platform P 633 2.55 3.153 1 33
News - Platform A 1524 15.93 28.443 1 276
News - Platform P 1524 8.11 21.142 1 311
[Twitter - Platform A 6471 34.39 172.117 1 8128
[Twitter - Platform P 6471 29.01 163.116 1 9819
Facebook - Platform A 903  7.02 17.245 1 324
Facebook - Platform P 903 328.99  2684.636 1 39422
\Wiki - Platform A 300 1.46 1.359 1 14
\Wiki - Platform P 300 1.68 1.682 1 15
Mendeley - Platform A 7859 70.71 110.001 0 2372
Mendeley - Platform P 7859  70.60 109.527 0 2382

TABLE IV. STATISTICS OF WILCOXON SIGNED RANKS TEST

Citeulike| Blog | News | Twitter |Facebook|Wikipedia|Mendeley
Z -0.039° |-7.158°-24.8019 -5.803° | -21.55Q° | -5.575° | -11.313°
Asymp. .969 .000 | .000 .000 .000 .000 .000
Sig. (2-
tailed)
a. Wilcoxon Signed Ranks Test
b. Based on positive ranks.

A. CiteULike

As shown in Table IlI, the overlapping CiteULike data
for the two platforms is 423 (n = 423). The average data
value of Platform A is 1.29 and that of Platform P is 1.28,
showing very minute difference. The standard deviations of
data of the two platforms are 0.758 and 0.719, respectively,
which shows that their dispersions are similar. The test result
for CiteUlike in Table IV is Z = - 0.039 and the two-sided
value of asymptotic significance is P = 0.969. This suggests
that we fail to reject the null hypothesis and conclude that,
there is no significant difference between the CiteULike data
of Platform A and Platform P.

The CiteULike data of the two platforms being not
significantly different indicates that the data of the two
platforms comes from the same population. Although minor
differences could still be noticed in the values of CiteULike
on the two platforms, it could be an error caused by artificial
reasons and can be considered as a random error. Based on
the current test results, the CiteULike data on the two
platforms appears to be consistent. We may conclude that
when using CiteULike data from either of the platforms
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under consideration, Platform A or Platform P, it does not
essentially affect the statistical results. Therefore, when
using CiteULike data for research and analysis, the
CiteUL.ike data of the two platforms may be used at will.

B. Blogs

There are 633 overlapping Blog data for the two
platforms (see Table IlI), and the average data value of
Platform A is 3.17 which is bigger than that of Platform P.
The standard deviations of data of the two platforms are
3.687 and 3.153, respectively, and the degree of dispersion
shows a minor difference. According to the results of the
Wilcoxon signed rank test, Z = - 7.158, and the two-sided
value of asymptotic significance is P = 0.000. With the
significance level a=0.05, P<0.05, which implies that the
null hypothesis should be rejected, and the conclusion
remains that the two matching variables appear significantly
different. Therefore, the differences are not random errors
such as manual input errors but induced by factors such as
different data sources or different ways of data collection
among the two platforms.

When analyzing the reasons of difference between two
platforms, firstly it is noticed from Table | that the Blog data
tracked by the two platforms belongs to the blog list curated
by the platforms themselves. Since neither of the platforms
discloses their Blog list information, the Blog lists may
transpire to be different. According to Altmetric.com, the
counting method of Blogs of Platform A is to search article’s
citations and references (especially links) across each Blog
automatically based on their curated Blog list. Moreover,
Platform A only searches for links related to the research
outputs through the information in the RSS feed, which
indicates that it can only search for the content in the blog
text, excluding the mentions in the sidebar of the blog [12].
Platform P also cites on its official website that counts the
mentions of Blogs by tracking all the links related to
scholarly outputs in its curated Blog list. But unfortunately,
neither of the platforms has published their Blog lists.
Therefore, the data difference between the two platforms
may be due to different data sources.

There are not many studies discussing Blog data so far.
Ortega [13] compared the Blog data of Altmetric.com,
PlumX, and Crossref Event Data, and found that the overlap
rate between these platforms was very low. Besides, Shema
[14] examined the peer-reviewed Blog posts discussing
academic papers on ResearchBlogging.org, compared the
WOS citations of related papers, and found that "Blog
citations" are significantly related to journal citations. The
sources of blog lists on two platforms still remain unclear at
the moment, with low transparency. Consequently, we
believe that the current Blog data quality is questionable and
should only be used with discretion. If it is unavoidable to
use Blog data, it is preferable to adopt the data of both
platforms A and P at the same time for complementation.

C. News

For News data, the average data value of Platform A is
15.93 and that of Platform P is 8.11. The data standard
deviations of the two platforms are 28.443 and 21.142,
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respectively. The News data readings of the two platforms
are evidently different. The Wilcoxon signed rank test result
for News data suggests that the null hypothesis is rejected,
and the conclusion is the two matching variables appear
significantly different. Therefore, the difference between the
two platforms is not a random error, that is, the two
platforms may possess different data sources or different
methods of data collection.

For tracking reasons behind the heterogeneity, it is
noticeable that the two platforms use their own edited News
lists (Table 1), which may lead to varied third party data
sources. We found Platform A has exposed its main third-
party news sources and tracking methods on their websites
[12], including identifying links to academic papers in news
reports and tracking information related to academic articles
in the news content, which is conducive for enhancing the
transparency and reliability of the News data. While
Platform P has not published a specific list of its news
sources on its website yet, but it has disclosed that Newsflo
is its news data provider, covering more than 55,000 diverse
news sources [15]. Moreover, a Blog post on Platform A
announced that the platform has been cooperating with the
news service provider, Moreover Technologies, since May
2015, and has expanded its track list from approximately
1,300 news media to more than 80,000 news media.
However, Ortega [16] pointed out that Moreover
Technologies was later acquired by Lexis-Nexis and the
cooperation with Platform A ended, leaving 19% of the links
invalid, so that Platform A only manages 2,900 news media.
Platform A’s official website updated the information about
News data sources on April 7, 2020, and stated that it still
tracked more than 5,000 global mainstream news media
portals [12]. As the two platforms possess diverse data
sources with evident differences, it is not recommended for
direct comparison. However, in this comparison study, the
News data of Platform A appears to be higher than Platform
P in terms of total coverage, coverage of disciplines, and
value of each data. Platform A’s news sources are also more
appreciably transparent than that of Platform P as well.
Therefore, when using the News data of the two platforms,
the News data of Platform A is deemed to be more reliable.

D. Twitter

The total overlapping Twitter data of the two platforms is
6,471. The average data value of Platform A is 34.39, and
that of Platform P is 29.01, seemingly less than the former.
The result of the Wilcoxon signed rank test shows that the
null hypothesis is rejected, and there is a significant
difference in the Twitter data of the two platforms.
Therefore, the difference of Twitter among two platforms
cannot be considered as a random error but may have
different methods of collecting or processing data.

The first reason for the difference in Twitter data could
be attributed to the different measurement standards for the
data by the two platforms. As the statistical methods of the
two platforms in Table I, Twitter count of Platform A = the
number of tweets + the number of retweets + the number of
quoted tweets; while the Twitter count of Platform P = the
number of tweets + the number of retweets. Therefore,
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statistically, Platform A additionally includes the quotation
tweets. As shown in Table 11, the average Twitter data value
of Platform A is indeed higher than that of Platform P.
Secondly, when comparing the collection of Twitter data
resources by the two platforms, it was found that the data on
the two platforms is not directly obtained from Twitter.
Platform A’s Twitter data comes from a third party that is
not disclosed by the official website. Platform P’s data
comes from data provider GNIP, and the tweet data provided
by GNIP does not contain quoted tweets [17]. Evidently, the
Twitter data source of Platform A is different from that of
GNIP. Therefore, we suggest that the Twitter data of both the
platforms come from different third parties. The different
counting methods of the two platforms may also be caused
by the different measurement standards of the third-party
data sources. Hence, we assume that the difference in the
Twitter data of the two platforms is essentially due to the two
different third-party data sources, and the measurement
standards of the data sources for Twitter counting may be
different.

E. Facebook

For Facebook data, the overlapping data in the sample is
903, and the average data value of Platform P is 328.99,
much larger than Platform A’s 7.02. The data standard
deviation on the two platforms also appears quite different.
According to the test result in Table IV, Z = -21.550, P =
0.000 <0.05, the null hypothesis is rejected, so that the
Facebook data from the two platforms is significantly
different. Therefore, Facebook data from the two platforms
may have different data sources or utilize different methods
of data collection.

The first reason for the difference in Facebook data could
be the fact that the two platforms possess different
definitions of Facebook data measurement. Platform A only
counts Facebook’s public posts mentioning links to research
outputs and prioritizes statistics of popular pages, excluding
personal posts on the timeline and the number of likes [12].
Platform P counts the total number of shares, likes, and
comments on the research link in Facebook. Furthermore,
Platform P’s early counting for Facebook data was to
incorporate the shares and likes of links related to the
scholarly outputs in public pages into the category of social
media data, and links in comments content into the category
of mention data. But since August 2016, Platform P added
the number of comments on the personal page and integrated
all of them into one Facebook data count [18]. This
integrated data only records the number of comments and
does not disclose the content of the comments, so it enhance
the measurement of attention score of an academic link to the
greatest extent and also enhance the visibility of impact
measurement as well as complying with the privacy
regulations. In our data sample, we can also see that the
average Facebook data value of Platform P is much larger
than that of Platform A. Combining the differences in the
data source coverage of the two platforms in previous
Section, the two platforms do demonstrate different data
source coverage.
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F. Wikipedia

As shown in Table IlI, there are 300 overlapping
Wikipedia data readings for the same article on the two
platforms. The average Wikipedia data value of Platform A
is 1.46, and that of Platform P is 1.68, appearing only
minutely different. The data standard deviations of the two
platforms are 1.359 and 1.682, respectively. The result of the
Wilcoxon signed rank test is Z = -5.575, P = 0.000 <0.05, so
the null hypothesis is rejected and the conclusion remains
that the two matching variables are significantly different.

Since the Wikipedia data from the two platforms is
significantly different, we check the measurement method of
two platforms first. As shown in Table I, Platform A only
counts the references to a certain scholarly output in the
reference section of English Wikipedia, while Platform P
counts all scholarly outputs cited as references in Wikipedia,
that is, the latter possesses a wider measurement range.
Ortega [7] considers the differences of Wikipedia data
between different platforms to be systemic errors caused by
coverage issues. A survey by [10] revealed that Platform A
obtains its data via Wikipedia API, while Platform P obtains
its data by combining different search engine results,
including Wikipedia full-text search and literature citation
searches. Therefore, the Wikipedia data value of Platform P
is more than that of Platform A. The findings in [10] can be
further elucidated the differences between the data sources of
the two platforms. From the data available in this study, the
average Wikipedia data value of Platform P indeed appears
slightly higher than that of Platform A.

G. Mendeley Reader Count

The overlapping Mendeley data is 7,859 for the same
article among the two platforms. The average Mendeley data
value of Platform A is 70.71 and that of Platform P is 70.60.
The data standard deviations of the two platforms are
110.001 and 109.527, respectively. From the view of the
descriptive statistics, there is not much of a difference
between the two platforms. The result of the Wilcoxon
signed rank test is Z = -11.313, P<0.05, so the null
hypothesis is rejected, and the conclusion remains that the
two matching variables are significantly different. There is
no evident difference in the description of the measurement
method between the two platforms in Table |, and both
platforms obtain the data directly from the Mendeley API.
But the question remains as to why there is a difference.
Ortega [7] assumed that when Platform P counts the number
of Mendeley readers, it may duplicate records of documents
of similar titles, years, and authors; while Platform A counts
the number of readers based on a unique identifier and
eliminates duplicate entries. Zahedi [10] compared the data
of journal PLOS One on different altmetrics platforms and
found that 97.9% of the Mendeley counts recorded by
Platform A were the same as Mendeley.com, while Platform
P had only 30% of the same count. In other words, the two
platforms may perform differently when processing
Mendeley data.
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V. CONCLUSION AND RECOMMENDATION

This paper compared and analyzed the data quality of
two altmetrics platforms: Altmetric.com and PlumX, and
undertook detailed statistical analysis in terms of the data
coverage, data consistency, and reliability of the data
sources. Firstly, in terms of the coverage ratio of altmetrics
data in the two platforms, the coverage ratio of Almetric.com
in social media data including Twitter, Facebook, Blogs, and
News appears higher than that of PlumX. The data coverage
ratio of CiteULike in Almetric.com also appears slightly
higher than that of in PlumX, while PlumX shows a higher
Mendeley and Wikipedia data coverage ratio than that of
Altmetric.com. By evaluating the proportions of the
overlapping data in the two platforms, we found: (a)
Dominant coverage: the data coverage of one platform
appears evidently larger than that of the other platform, such
as Twitter, News, Mendeley, and Wikipedia in Figure 1; (b)
Different coverage: the data coverage of the two platforms
limitedly overlaps but each platform has its own unique data
source, such as Blogs and Facebook in Figure 2; and (c)
Similar coverage: the data coverage of the two platforms
may remain similar, such as CiteULike in Figure 3.

To discuss whether the overlapping data of the two
platforms appears to be consistent, we employed the non-
parametric Wilcoxon Signed Rank test to compare if any
significant differences exist between the data of the two
platforms. The results signify no significant difference
between the CiteULike data of the two platforms, while all
the other altmetrics data show significant differences
between the two platforms. It indicates that the CiteULike
data of the two platforms belongs to the same population,
and the difference of a small amount of data value is caused
by random errors. The differences between other altmetric
data source could possibly be due to the factors including
different ways of data counting (definitions), data
processing, and different coverage of data source. Section 1V
showed more detailed analysis of reasons on heterogeneity
between two platforms. Based on the above analysis results,
we propose the following suggestions for the use of
Altmetrics data of the two platforms.

e Twitter and News on Altmetric.com are significantly
better than that on PlumX in terms of data coverage
ratio, coverage range, and information transparency of
data sources, respectively. Therefore, it is recommended
to use Twitter and News data from the Altmetric.com.

o As for the Wikipedia data, the data coverage ratio and
data source coverage of Plum X are far better than those
of Altmetric.com. Hence, it is advised to use PlumX’s
Wikipedia data.

e Interms of Mendeley data of the two platforms, PlumX
is appreciably better than Altmetric.com, and the
Mendeley data of PlumX is recommended. However,
the Mendeley data of the two platforms appears
statistically significantly different from the number of
readers of Platform Mendeley. Therefore, whenever
conditions are permitted, we recommend employing the
Mendeley data from its own application.
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e There is no substantial difference being noted between
the CiteUL.ike data of the two platforms in this statistical
test and the correlation seems strong, so either
platform’s CiteULike data can be used.

e The Blog data sources of the two platforms have a
limited crossover range. Both platforms possess their
own unique data sources. Therefore, the Blog data of the
two platforms can be used in combined to complement
each other.

e The Facebook data sources of the two platforms also
maintain a limited crossover range and each one has its
own characteristics; but the two platforms demonstrate
very different definitions of Facebook counts.
Altmetric.com only counts the links mentioning
scholarly outputs in public posts, while PlumX counts
the total shares + likes + comments of links mentioning
scholarly outputs. Therefore, it is not convenient and
accurate to merge the data of the two platforms, and
they can only be selected with discretion.

Finally, we should address that the current results and
analysis are limited to the specific situation of this paper’s
data sample so further research on different samples may be
needed in the future.
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