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Abstract
The aim of this study is to introduce two groups of impact indicators, Weighted Altmetric Impact
(WAI) and Inverse Altmetric Impact (IAI). WAI is based in weights from the contributions of each
metric to different components or impact dimensions (Principal Component Analysis). IAI is
calculated according to the inverse prevalence of each metric in different impact dimensions
(TF/IDF). These indicators were tested against 29,500 articles, using metrics from Altmetric.com,
PlumX and CED. Altmetric Attention Score (AAScore) was also obtained to compare the resulting
scores. Several statistical analyses were applied to value the advantages and limitations of these
indicators. Frequency distributions showed that each group of metrics (Scientific Impact, Media
Impact and Usage Impact) follows power law trends although with particular patterns.
Correlation matrices have depicted associations between metrics and indicators.
Multidimensional scaling (MDS) has plotted these interactions to visualize distances between
indicators and metrics in each dimension. The 2018 Altmetric Top 100 was used to distinguish
differences between rankings from AAScore and the proposed indicators. The paper concludes
that the theoretical assumptions of dimensions and prevalence are suitable criteria to design
transparent and reproducible impact indicators.
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Introduction
In the scientific literature, sometimes, it is common to equally use the terms metric and indicator
as synonymous. However, both terms are slightly different. A metric is a measure unit that
quantifies a magnitude. It informs us how big or small is a systematic observation. An indicator,
on the contrary, is a measure that indicates something or gives information about something
(Cambridge Dictionary, 2019). This means that an indicator is an instrument to value the
performance of a system, while the metric is just a quantifier of events.
In bibliometrics, this distinction is necessary to distinguish between easy counts of citations or
papers and elaborated and normalized measurements that express the impact of publications
(i.e. Field-Weight Citation Impact), authors (i.e. h-index) or research journals (i.e. Journal Impact
Factor). These indicators attempt to normalize the measure by size elements (i.e. citations per
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publication) or external variables (i.e. disciplines, publication date) that could distort the
meaning of an observation.
Perhaps, this differentiation is even more important in Altmetric studies, where the concept of
metric is employed to refer to the count of events occurred to articles on the Web. Thus, we talk
about readers, blog mentions or tweets as alternative metrics. Whereas, the idea of indicator is
often referred to compound measurements that aggregate the counts of one or several metrics,
normalizing by any size factor (i.e. number of publications). In this sense, many of the initiatives
to create altmetric indicators have dealt with commercial platforms (Altmetric.com,
ResearchGate) that have designed simplistic all-in-one indicators based on arbitrary weights and
the addition of unalike metrics (Gumpenberger et al., 2016; Orduña-Malea et al., 2017).
However, the absence of rigorous academic altmetric indicators based in theoretical
assumptions could be motived by two important problems related to this type of metrics. The
first one is the presence of multiple and different metrics whose meanings are in some cases
very different or opposed. The mixture of patent citations with tweets and blog mentions only
can produce that the meaning of the indicator is vague and imprecise. A prior analysis is needed
on the specific meaning of each metric and how it is related to other measurements. This would
make possible to design more robust indicators, taking into account similarities among metrics.
The second problem is that many of these events have very different prevalence. Whereas more
than 90% of the articles are read in Mendeley, a very reduced number of them are mentioned
in news (4-5%) (Meschede and Siebenlist, 2018; Ortega, 2019b) or policy documents (0.5%) (Yu
et al., 2019). The reason of these differences are that while the effort to retweet a document is
minimal (and so much more frequent), to mention a paper in a blog requires a great
compositional effort. These different behaviours and meanings should be taken into account
when a composite indicator is designed.
This paper attempts to propose several altmetric indicators that fill this gap, considering the
results of theoretical studies on the behaviour of these alternative metrics. Specially,
considering the different nature and meaning of each metric and their likelihood of appearance.

Literature Review: Indicators
Current literature includes some examples of indicators that measure the impact of alternative
metrics. The most common option has been to extrapolate bibliometric indicators to altmetrics
as a way to fairly compare differences between both types of indicators. For example, Zahedi et
al. (2017) used Mean Readership Score as equivalent to the Mean Citation Score to compare
Mendeley readers with citations. Thelwall (2017a) and Li and Thelwall (2012) used the same
criterion to compare the same metrics (Reader mean and Citation mean). In this same line,
Bornmann and Haunschild (2015) employed a version of the h-index to build the T factor, an
indicator to measure the impact of authors, journals or organization on Twitter. T factor is the
same as the number of n articles with more or equal n number of tweets. These same authors
(Bornmann and Haunschild, 2016) also proposed the Twitter Index. This indicator ranks research
journals setting a threshold of 80% articles mentioned on Twitter. From this cut-off, percentiles
are calculated to sort each journal. Its objective is to avoid differences between disciplines.
ReadMeter, an extinct altmetric aggregator, adapted two bibliometric indicators for authors
(the H-Index and the G-Index) and redefined these metrics by using bookmarks instead of
citations (Cave, 2012). A more elaborate approximation was done by Thelwall (2017b), who
designed the Mean Normalised Log-transformed Citation Score (MNLCS) to normalize the
impact of scientific citations, Mendeley readers and Wikipedia citations.
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However, these indicators are designed to work with only one variable or metric. Other studies
have tried to measure the global impact of altmetrics using compound indicators. Alhoori and
Furuta (2014) created the Journal Social Impact, an addition of social networks and media
mentions to the articles of a journal divided by the number of items. Hassan and Gillani (2016)
proposed the alt-index to measure the social impact of authors. Calculated as the h-index, this
indicator aggregates a range of weighted altmetric mentions to publications, counting the
number of n articles with more or equal n number of altmetric mentions. Hassan et al. (2017)
used ASNIP, an altmetric derivation of the Source Normalized Impact per Paper (SNIP) in which
the total altmetric counts are normalized by field. These approaches are also based in previous
bibliometric indices (i.e. h-index, Journal Impact Factor) but without considering the differences
of meaning and context between these metrics. For that reason, the simple translation of
bibliometric indicators to altmetrics could be confusing and imprecise.
From the commercial world, the most well-known indicator is the Altmetric Attention Score
(AAS) of Altmetric.com. This indicator is calculated adding all the metrics that are captured by
Altmetric.com, excepting Mendeley readers, CiteULike saves (these sources do not allow to
audit these metrics) and Dimensions citations (citations are not considered an alternative
metric). These metrics are weighted according to arbitrary weights and several partial criteria
are used to value different events and sources (Altmetric Support, 2019). This indicator presents
important limitations because it combines different metrics in the same count as well as the
weights and criteria are not based on scientific evidences (Gumpenberger et al., 2016;
Mukherjee et al., 2018). Another issue is that the values are rounded off, causing important
miscounts when the scores are low. This score has been tested by different authors, finding poor
correlations with bibliometric indicators (Wang et al., 2014; Ruan et al., 2018; Huang et al.,
2018).
ImpactStory is another altmetric provider that incorporates some indicators (Achievements) that
measure the performance of author profiles in different social networks and web sites. Profiles
are ranked regarding to different criteria and they get an achievement when they exceed a
threshold. However, many of these ranking criteria are sui generis and are barely related to
scientific impact, quality or prestige. For example, Follower Frenzy is when someone with more
than 8,000 followers tweets an author’s article or Hot Steak is when a paper has been
commented for two months.
However, this review of altmetric indicators evidences that some of these approaches are
simplistic because they make a literal translation of bibliometric indicators to altmetrics without
understanding the intrinsic differences between altmetrics and bibliometrics. This cause a lack
of scientific rigour when the indicators are designed, blending metrics with difference meaning
and without considering the low prevalence of some of these metrics. On the part of commercial
view, the main problem is that their indicators are not transparent and, therefore, not
reproducible.

Objectives
The principal aim of this paper is to present and test two groups of altmetric indicators:
Weighted Altmetric Impact (WAI) and Inverse Altmetric Impact (IAI). Both indicators attempt to
solve two problems in altmetrics: (1) the use of several metrics in a compound indicator and (2)
addressing differences in the prevalence and meaning of metrics. Research questions are:
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Are the theoretical assumptions of dimensions and prevalence suitable to design
altmetric indicators?
Is it possible that the proposed indicators could distinguish among different types of
impacts?
Can the proposed indicators show balanced information of the employed metrics?

Indicators
The main characteristic of the proposed compound indices is that they are based on weights
that take into account meaning and prevalence. Thus, an indicator that aggregates several
metrics needs to justify which metrics are used and what is the weight of each one in the final
formula. Due to this, we need, first of all, to classify every metric in dimensions according to their
significance and establish weights according to the prevalence or frequency of appearance.

Dimensions
Dimension is defined as the set of metrics that have a similar meaning and express the same
impact in a precise environment. The meaning of similarity is defined as the proportion of shared
information between two metrics, and environment is the place where these metrics have
meaning and value. For example, a citation is valuable in a scientific environment while a tweet
is relevant in a media environment. Lastly, impact is understood from a thermodynamic
perspective and it alludes to the degree in which an object can change the state of a system.
Thus, a publication impacts when it provokes different reactions (citations, mentions, saves,
views, etc.) in a knowledge system (academia, media, social networks, etc.).
Recent literature has employed several multivariate statistical technics to classify metrics
according to the information that their share. This classification enables the identification of
impact dimensions. Zahedi et al. (2014) were the first ones that attempted to classify altmetric
and bibliometric counts using factor analysis. Their results showed that tweets are uncorrelated
with bibliometrics indicators, which demonstrated that Twitter mentions do not correspond to
the same dimension of the bibliometric indicators. But the most interesting result is that
Mendeley readers and Wikipedia citations are classified along citations, instead altmetrics. This
result suggests that Mendeley readers and Wikipedia citations belong to the dimension of the
scientific impact (Maflahi and Thelwall, 2016; Thelwall, 2017c, 2018). Later, these same authors
used the same multivariate analysis to group several metrics in citation metrics, social network
metrics and media metrics (Costas et al., 2015). These results were confirmed by Ortega (2018a),
who defined three types of components: Media Impact (social networks and media), Usage
Impact (views and downloads) and Scientific Impact (citations, bookmarks and reads). This last
approach includes usage metrics because he takes data from different providers (Altmetric.com,
PlumX and Crossref Event Data). Departing from this last classification, three different
dimensions are defined relating to impact (Table 1).
Dimension

Metrics
Facebook

Media Impact

Blogs
News
Reddit
Tweeters

Definition
Number of mentions of a publication in Facebook’s
pages
Number of mentions of an publication on Blogs entries
Number of mentions of a publication on News outlets
Number of mentions of a publication on the comments
of Reddit
Number of mentions of a publication on different
tweets and retweets of Twitter
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Linkouts
Usage Impact

Abstract views
HTML views
CiteULike
Readers

Scientific Impact
Citations
Wikipedia

Number of clicks on a link to download a full-text
paper
Number of accesses to the Abstract page of a
publication
Number of accesses to the full-text document
Number of times that a publication is bookmarked on
CiteULike
Number of saves of a publication in the personal
library of Mendeley users
Number of mentions of a publication in the references
of other research publications
Number of mentions of a publication in Wikipedia
articles

Table 1. The twelve most frequent (prevalence) and contributory metrics grouped by impact
dimensions
Table 1 only shows the most representative metrics due to their frequency and to the amount
of information that they contribute to each dimension (Ortega, 2018a). Thus, Media Impact
groups metrics from social networks and media, which inform about the impact of a research
output in the public opinion; the Usage Impact gathers metrics related to the use that a person
makes about an academic document; and finally, the Scientific Impact includes citations and
reads and it is associated to the traditional bibliometric impact, but including Mendeley readers
and CiteULike saves as new metrics linked to the scientific impact.

Prevalence
Another important factor to consider is the different prevalence of some metrics. Many studies
have evidenced different frequency of appearance of many of these metrics. Thus, for example,
whereas more than 90% of the scholarly outputs have at least one Mendeley reader (Didegah
et al., 2018; Bar-Ilan et al., 2019; D’Angelo and Di Russo, 2019), the percentage of mentioned
papers on blogs and news are very low (Robinson-Garcia et al., 2019; Ortega, 2019b). This very
different frequency of appearance suggests that these metrics require different effort to be
created, and therefore, they have distinct importance and reach. Holmberg (2015) claimed that
the impact level of a metric is inversely proportional to the reach and prevalence of this one.
Thus, a metric that has an elevated frequency has lower impact than a metric that occurs less
times. For example, a tweet on a research paper has low impact because is very frequent and it
requires less effort to be created. However, a mention in a blog or news outlet is less frequent
because it needs more work, but it achieves higher impact. In a similar way, Qiu and Yu (2015)
introduces a stratified pyramid-shaped scheme in which each metric is ranked by their frequency
and cost. They establish a Perception level related to usage metrics (views, downloads) that
forms the basic use of research papers; then the Social media level is related to actions in social
media addressed to the dissemination; and the Application level is about the specific use of
research results to produce new knowledge (blog posts, citations, news, etc.). Using a
quantitative approach, we take the assumption that the impact or importance of a metric is
inversely related to the frequency of appearance into a bibliographic corpus.

Weighted Altmetric Impact (WAI)
WAI is an indicator that attempts to summarize different types of altmetric impacts in only one
value, taking into account dimensions and prevalence. Therefore, the metrics that correspond
to each different altmetric impact should be previously defined. We call Weighted Media Impact
(WMI) when we use only metrics related to the dimension Media Impact, and Weighted Usage
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Impact (WUI) when usage metrics are considered. Formally, the WAI of a research output (i) is
the addition of the values of each metric (a, b, c, etc.) multiplied by the weight of each metric
(wi).
𝑊𝐴𝐼𝑖 = 𝑎𝑖 (𝑤𝑎 ) + 𝑏𝑖 (𝑤𝑏 ) + 𝑐𝑖 (𝑤𝑐 )
The weight of each metric is defined from a Principal Component Analysis (PCA). This
multivariate statistical technique allows to know the contribution of the variables to each
component. To calculate the contributions, this study employs a sample of 3,793 journal articles
published in 2013 and retrieved in 2018 (Ortega, 2018a). The reason of using only articles from
2013 is that the impact of a document is time-dependent. This restriction avoids any bias caused
by documents of different ages that accumulate different amount of mentions.
Metric

Number of
events

Articles
Articles with Events per
with events events %
article
Facebook
1,901
931
24.5%
2.04
Blogs
613
391
10.3%
1.57
News
1,248
319
8.4%
3.91
Reddit
41
30
0.8%
1.37
Tweeters
20,210
3,383
89.2%
5.97
Linkouts
119,156
2,778
73.2%
42.89
Abstract views
1,504,476
3,658
96.4%
411.28
HTML views
479,836
1,239
32.7%
387.28
CiteULike
626
347
9.1%
1.80
Readers
120,387
3,720
98.1%
32.36
Citations
72,349
3,507
92.5%
20.63
Wikipedia
302
180
4.7%
1.68
Total
2,321,145
3,793
100%
Table 2. Descriptive statistics by metric of the sample used to calculate the PCA components.
Table 2 shows the number of events, articles with event and events per article by metric with
the aim of show descriptive statistics. The metrics of the sample were taken from Altmetric.com
(Facebook, Blogs, News, Reddit, Tweeters, CiteULike), PlumX (Linkouts, Abstract views, HTML
views, Readers, Scopus citations) and Crossref Event Data (CED) (Wikipedia citations).

Contribution
Usage
Scientific
Impact
Impact
0.536
0.001

Facebook

Media
Impact
20.137

Blogs
News

20.819
22.930

0.016
0.064

2.554
1.238

Reddit
Tweeters

13.469
16.203

0.064
3.277

0.476
1.951

0.395
0.088
0.049
2.495

33.013
41.435
17.057
0.375

0.622
0.731
0.023
14.617

Linkouts
Abstract views
HTML views
CiteULike saves
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Mendeley readers
Scopus citations

0.242
0.302

4.137
0.015

35.662
38.390

Wikipedia citations
2.871
0.011
3.737
Table 3. Contributions (%) of each metric to each component (PCA)
Table 3 shows the contributions of the metrics selected in Table 1 to each component. Other
metrics such as citations from policy documents, peer review sites or syllabi were excluded from
the model due to the low number of observations and zero variance, which it makes impossible
to calculate correlations between those variables. Because every metric contributes to some
extent to each component or dimension, only significant contributions (in bold more than 5%)
were selected and the weight of each metric was recalculated to sum to 1. It is interesting to
note the scores of Wikipedia citations, which contribution to Media Impact (2.87%) is closed to
Scientific Impact (3.74%). These similar and low contributions suggest that Wikipedia citations
have an imprecise meaning between Media and Scientific Impact.
Weights
Media
Impact
0.22
0.22
0.25
0.14
0.17

Usage
Impact

Scientific
Impact

Facebook
Blogs
News
Reddit
Tweeters
Linkouts
0.36
Abstract views
0.45
HTML views
0.19
CiteULike saves
0.16
Mendeley readers
0.39
Scopus citations
0.42
Wikipedia citations
0.04
Table 4. Assigned weights to each metric according to their contribution to each component
Table 4 presents the contributions after transformation. In this case, the summation of the
weights in each component or dimension is 1. This introduces the limitation that the weight of
each metric depends on the number of metrics in the component and their contributions. For
example, if a new metric is considered in the Scientific Impact dimension (e.g. policy
documents), all the weights have to be recalculated to distribute the contribution among the
new metrics. According to our model, the WUI of an article with 10 tweets and one blog post
will be WUI= 10*0.17 + 1*0.22=1.92, while a paper with 8 readers and 2 citations will have a
WSI=3.96.

Inverse Altmetric Impact (IAI)
Inverse Altmetric Impact is a similar indicator to the Weighted Altmetric Impact because both
come from the summation of weights and they are expressed according to dimensions. Thus,
we talk about Inverse Usage Impact (IUI) when we use usage metrics, and Inverse Media Impact
(IMI) if metrics from media are calculated. However, the weights of these indicators are based
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on different criteria, the inverse contribution of each metric to its dimension. This concept
comes from the assumption that a metric that is less frequent is more important than a metric
very frequent. This is because a less frequent metric requires more effort and cost to be done
(i.e. blog post, bibliographic citation) than other very frequent which, in many cases, is the
results of an action or click (i.e. tweet, like) (Holmberg, 2015; Qiu and Yu, 2015).
This concept of inverse contribution recalls the principle of least effort (Zipf, 1949) in which the
terms less frequent are the words with more significance, while the most frequent ones are
articles and conjunctions that lack of meaning by themselves. This idea was used by Spärk Jones
(1972) to formulate the Term Frequency / Inverse Document Frequency (TF/IDF), a statistical
definition of the importance of terms in a corpus according to the inverse frequency of
occurrence. Taking the TF/IDF formula into account, the inverse weight of a metric is
𝑤𝑖𝑚 = 𝐴𝑚
𝑖 𝑙𝑜𝑔 (

𝑁
)
𝐷𝑚

where the weight (w) of a metric (m) in the publication (i) is the result of the value (A) of that
metric (m) in the publication (i) multiplied by the logarithm of the total number of publications
in the database (N) divided by the number of publications (D) that has the metric m. In other
words, the frequency of an altmetric event (Am) corresponds to term frequency (TF) and the
logarithm of the inverse frequency of mentioned documents in the database (log(N/Dm))
concurs with inverse document frequency (IDF).
The main limitation of this formula is that N and D are not constant because they change when
a new document is included in the system. Another problem is that these parameters are not
always known. This would make it impossible to replicate the calculation of this indicator. A
solution is to convert those values in a predefined constant from previous observations about
the prevalence of each metric in different samples.
Metric

N/Dm
Mean

Standard
Lower
Upper
Deviation
bound
bound
(SD)
(95%)
(95%)
Facebook
4.68
0.98
3.46
5.29
Blogs
9.48
3.52
5.77
11.38
News
10.24
3.70
6.26
13.89
Reddit
56.59
23.47
33.99
82.19
Tweeters
1.21
0.16
1.09
1.33
Linkouts
1.79
0.20
1.69
1.8
Abstract views
1.18
0.08
1.13
1.23
HTML views
3.21
1.35
1.79
4.25
CiteULike saves
7.59
2.53
5.4
10.19
Mendeley readers
1.07
0.05
1.03
1.12
Scopus citations
1.29
0.12
1.22
1.37
Wikipedia citations
19.02
13.87
5.71
29.89
Table 5. Mean, standard deviation and confidence intervals of N/Dm values from several
previous studies.
Table 5 shows the average, standard deviation and confidence intervals of N/Dm values from the
last published studies on the coverage of altmetric data providers (Fang & Costas, 2018;
Meschede and Siebenlist, 2018; Ortega, 2018b; 2018b; Zahedi and Costas, 2018; Gorraiz et al.,
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2019; Ortega 2019a; 2019b). Excepting Reddit (SD=23.47) and Wikipedia citations (SD=13.87),
the less frequent metrics, all the values show suitable deviations. Taking these parameters into
account, the weight of each metric can be calculated. Thus, the weight of Tweeters in a
document with 10 tweets is wTweeters = 10*(Log(1.21)) = 0.83 and the weight of Blogs with one
blog mention is wBlogs = 1*(Log(9.48)) = 0.97. The final result is the addition of the weights of
each metric in the dimension, being the Inverse Media Impact (IMI)=wTweeters + wBlogs =1.8.
𝐼𝐴𝐼𝑖 = (𝑤𝑖𝑎 ) + (𝑤𝑖𝑏 ) + (𝑤𝑖𝑐 )

Comparative Analysis
The proposed indicators were tested in 29,500 articles from Altmetric.com, PlumX and CED from
a previous study (Ortega, 2019a). This sample is independent form the sample of 3,793 articles
used to compute the PCA (Table 3 and 4). The reason of selecting this sample is that its size is
larger and their observations are independent from the data used to construct the indicators.
Altmetric Attention Score (AAScore) was also include to compare its performance with the
proposed indicators. This sample allows us to observe differences and similarities between
indicators.

Distributions

Figure 1. Distribution and fit of the proposed indicators grouped by dimension (log-log)
Figure 1 shows the frequency distributions of the proposed indicators and AAScore in a log-log
plot. The first impression is that the statistical behaviour of each indicator is strongly associated
to its dimension. Thus, indicators based on Media metrics describe a very skewed trend with
exponents between 2 and 2.1. Contrarily, indicators from usage metrics present an initial paused
trend common in usage phenomena (Nielsen, 1997), in which the principle of least effort
determines a small number of initial elections (Zipf, 1949). In other words, the usage of
documents (visits to web pages, reads of articles, etc.) is rather random in the first stages of
publication. Scientific indicators follow an intermediate pattern with a paused decay of the
number of events by paper, followed by a sudden descent in the final part. Exponents are around
9

2.6. These different behaviours confirm that it is necessary to establish separate dimensions and
differentiate the type of impact. According to the two types of calculation, weighted indicators
present higher exponents than inverse indicators, which demonstrates that values from
weighted indicators are more skewed that the inverse ones. AAScore, in comparison with the
Media Impact indicators, follows a parallel trend with a similar exponent. This suggests that
indicators from the same dimension have a similar statistical behaviour.

Correlations

Figure 2. Spearman’s rank correlation between metrics and indicators
Figure 2 presents the correlation matrix (Spearman’s rank) of metrics and indicators. It shows
how the correlations between metrics and indicators are grouped in three groups, Scientific
Impact, Usage Impact and Media Impact. It is interesting to notice interactions between the
three groups, specially the case of Blogs. This metric has high correlations with Scientific Impact
metrics (CiteULike, ρ=0.75, p-value<.0001, and Mendeley readers, ρ=0.53, p-value<.0001) which
suggests that the mention of research articles on blogs could be associated to the saving of
publications on reference managers. Minor interactions were observed between usage metrics
and Mendeley readers (Abstract views, ρ=0.36, p-value<.0001 and HTML views, ρ=0.45, pvalue<.0001), evidencing the relationship between usage and saving. It is also interesting to see
significant correlations between Scopus citations and Facebook (ρ=.50, p-value=.01) and Blogs
(ρ=.47, p-value<.0001) that put in relationship the connection of the media metrics in the later
citation impact (Thelwall et al., 2013; Shema et al., 2014).
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Figure 3. Spearman’s rank correlation between indicators (p-value<.0001)
Figure 3 only shows correlations between the proposed indicators and the AAScore. The matrix
presents more clearly how the three dimensions are differentiated and how the interactions
between groups are low (ρ<0.30). The only exception is AAScore, which has a correlation of
ρ=0.36 with ISI and ρ=0.34 with WSI, suggesting that the Altmetric.com’s indicator captures a
small fraction of the scientific impact. However, AAScore depicts a stronger relationship with
media indicators (WSI, ρ=0.56 and ISI, ρ=0.54) due to these indicators share similar metrics and
are oriented to the media impact.
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Figure 4. Multidimensional scaling (MDS) of the metrics in a log scale. Euclidean distance.
Figure 4 depicts the distance between metrics and indicators using multidimensional scaling
(MDS). This multivariate technique enables to visualize a distance matrix based on correlations
or similarities in a two or three-dimensional map. This mapping technique permits to observe in
detail the proximities and similarities between indicators and metrics. Figure 4a displays all the
metrics together to observe distances between groups. The graph shows that the groups are
well-defined, which confirms that the metrics are associated to different types of impacts
(Scientific Impact in orange, Usage Impact in green and Media Impact in blue). Figure 4a also
shows how Blogs (Media Impact) and Wikipedia citations (Scientific Impact) move their groups
closer, evidencing the ambiguity of Wikipedia and the connection of Blogs with reference
managers (Fig. 2). Then again, the Usage Impact shows a great dispersion caused by the strong
interactions of these metrics with Scientific and Media Impact dimensions.
Figures 4b, 4c and 4d shows the distances between metrics (blue) and indicators (red) into their
respective dimensions. Both in Scientific Impact and Usage Impact, the proposed indicators
occupy an intermediate position between the metrics, which evidences that these indicators
contain a well-balanced information of every metric. This is more significant in the Media
Impact, where the proposed indicators are located between Tweeters, the most frequent
metric, and the remaining media metrics, being the proposed indicators equilibrate and
representative indicators of the Media Impact. It is interesting to observe the position of the
AAScore, very close to Tweeters. This confirms that this indicator is mainly based on the tweets,
underrepresenting the information from other relevant metrics such blogs, news or Facebook
mentions.

2018 top articles
A last analysis is to study the top 10 articles according AAScore and the proposed indicators as
a way to point out differences between rankings at top positions.
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Rank Title

1 Mortality in Puerto Rico after Hurricane Maria
2 The spread of true and false news online
Alcohol use and burden for 195 countries and
3 territories, 1990-2016…
Trajectories of the Earth System in the
4 Anthropocene
5 Weaponized Health Communication…
Association between physical exercise and
mental health in 1·2 million individuals in the
6 USA between 2011 and 2015…
Evidence that the Great Pacific Garbage Patch
7 is rapidly accumulating plastic
8 Dietary carbohydrate intake and mortality…
Complementary Medicine, Refusal of
Conventional Cancer Therapy, and Survival
9 Among Patients With Curable Cancers
10 The biomass distribution on Earth

Journal
New England
Journal of
Medicine

AAScore

WMI

IMI

WSI

ISI

WUI

IUI

10441

1763.8 1450.1 159.6

22.8

357.5

816.3

Science

9816

1160.1 1199.2 688.9

93.1 1139.5

917.2

The Lancet

7934

1182.8 1135.6 483.7

60.1

950.9

699.3

PNAS
American Journal
of Public Health

6930

87.1

374.5

528.7

783.6

942.8 694.3

6438

1588.5 1299.6 117.5

17.8 3525.1 1261.8

5988

1074.0

977.2 173.2

18.3

543.6

533.6

Scientific Reports
The Lancet Public
Health

5594

763.5

834.6 383.1

42.1

462.9

520.2

5481

1109.4

972.6 198.2

23.8 2301.7

464.3

JAMA Oncology

4835

714.6

625.6

79.1

9.2

117.1

372.1

PNAS

4822

779.4

683.9 589.0

77.6

39.6

356.7

The Lancet
Psychiatry

Table 6. Ranking of the 2018 Altmetric Top 10 and according to the proposed indicators
Table 6 presents the first 10 articles by AAScore and their corresponding values according to the
proposed indicators. The aim of this analysis is to observe the behaviour of those indicators in
articles with an elevated number of events. Cells are coloured according to the ranking of each
article in each indicator with the end of emphasizing ranking differences. Red corresponds to
highest positons, while blue to lowest ones. WMI and IMI, indicators related to Media Impact,
show similar positions as AAScore with minor differences. For example, “Trajectories of the
Earth System in the Anthropocene”, 4th according to AAScore, descends to the 8th position in
WMI due to it is the second one with less tweets. That is the same with “Weaponized Health
Communication…” that increases its position to the second place due to being the second most
tweeted. These results show that IMI and WMI are more sensible to elevated number of tweets.
WSI and ISI, Scientific Impact indicators, describe more significant differences with AAScore due
mainly to the weight of Mendeley readers and Scopus citations. For instance, “Trajectories of
the Earth System in the Anthropocene” is located in the first position of WSI because it is the
most read article. The same happens with “The biomass distribution on Earth”, the last one in
AAScore but the 3rd one in WSI because it is the second one with more Mendeley readers. ISI,
however, shows a higher weight of bibliographic citations, being “The spread of true and false
news online” the first one according ISI because it is the most cited paper. This same happen
with WUI and IUI, “Weaponized Health Communication…” is the first article according to these
indicators because they are the publications with most Linkouts and Abstract views.

Discussion
This study introduces and analyses several indicators with the aim of improving the assessment
of research articles, filling the existing gap on the development of specific altmetric indicators.
The importance of these indicators stems from they are based on theoretical assumptions from
the altmetric research, and not from arbitrary and non-transparent criteria. The first assumption
is that not every metric provided by altmetric aggregators should be considered altmetrics or
social media metrics. Other than citations, these sites provide a mix of metrics that have been
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grouped as altmetrics, depicting a vague and imprecise view on the research impact. Research
on this subject has demonstrated that these metrics are not homogenous and we cannot talk
on only one type of impact. Based on previous analyses (Zahedi et al., 2014; Costas et al., 2015;
Ortega, 2018a), this study proposes to initially distinguish between three types of impacts or
dimensions. Scientific Impact expresses the impact of a research output in the own scholarly
community through academic indicators such as citations and saved references; Usage Impact
measures the use of scientific publications with reads, visits, downloads, etc.; and the Media
Impact would be the core of altmetric, bringing together the social impact from media (blogs
and news) and social networks (Twitter, Facebook, Reddit). The comparative study has proved
that this distinction in dimensions is necessary due to several reasons: different statistical
distributions, poor correlations between distinct dimensions (ρ<0.30) and significant distances
between metrics from different types of impacts. These results allow to improve the altmetric
research specifying the meaning of these metrics and identifying different types of impacts.
The second assumption is that the frequency of appearance or prevalence of these metrics are
very different, and these differences are related to the reach (Holmberg, 2015) and the cost of
producing those metrics (Qiu and Yu, 2015). Thus, less prevalent metrics are measures that
require a great effort to be generated and have a high reach, whereas very frequent metrics are
low cost counts that have short reach and scarce significance. These scope based on the
prevalence has enabled to design two types of lineal or composed indicators, Weighted
Altmetric Impact (WAI) and Inverse Altmetric Impact (IAI). Both indicators use different weights
for each metric according to prevalence criteria. In the case of WAI, contributions to different
PCA components are used, while in the case of IAI, a version of the TF/IDF formula is employed.
The results have showed that this approach permits to build well-balanced indicators that
include proportional information of every metric. This is perceived in the correlation matrix,
where the indicators have high correlations with their metrics (ρ>0.32). MDS maps also display
an intermediate position of these indicators regarding to their metrics.
But, perhaps, the most relevant advantage of this proposal is that these indicators are
transparent, reproducible and based on theoretical criteria founded on scientific results (Hicks
et al., 2015). The study includes the resulting weights and how have been calculated, which
favours the utilization and reproduction of these indicators in any environment. The fact that
they are supported by theoretical assumptions would reinforce the foundations of altmetrics
and bibliometrics and encourage the public discussion and improvement of these indicators. In
short, this study looks more for the theoretical discussion about how design suitable indicators
from scientific foundations, than the presentation of definitive indicators for research
evaluation.

Limitations
However, the implementation of these indicators presents some limitations. The first one is that
they require previous information about the weights of each metric. In the case of WAI,
contributions to each component are required. In IAI, it is before necessary to calculate N/Dm
values. These values could not be constant and would change in subsequent analyses. Due to
this, these weights should be a standard and their modifications must be validated by scientific
consensus.
A second limitation is the inclusion of metrics in each indicator. In our examples, we have
selected only the most significant metrics, motivated by the frequency and to the amount of
information that they contribute to each dimension. However, these criteria could be modified
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and new and relevant metrics such as policy documents and patent citations could be included
to produce new dimensions or reinforce the existing ones. The fact that these indicators are
linearly composed, favouring that new metrics can be included or removed without redefining
the structure of the indicators.
A third limitation is derived from the unequal coverage of altmetric providers. Many studies
have pointed important differences in the coverage of metrics and publications by these
aggregators (Meschede and Siebenlist, 2018; Zahedi and Costas, 2018; Ortega, 2018b) which
could bring different prevalence percentages regarding the used source for the calculations. In
this case, we have used different sources to select the highest value of each metric but this does
not ensure that these are the correct ones. In addition, coverage percentages could change in
the time and some of these weights could be altered in next observations. For example, the
recent defunct of Google+ (2019) has committed us to remove this metric for the study.
Another limitation is related to the theoretical presuppositions that drive these indicators. The
concept of prevalence and its inverse relationship with the reach and cost of the mentions could
be influenced by the usage and population of social networks. For instead, the low prevalence
of Reddit posts could be more motivated because Reddit is a specialized network with few users
than because their comments require more effort to be released. In the same manner, CiteULike
bookmarks and Mendeley readers, two similar metrics, show a very different prevalence caused
by the different number of users in each platform. These examples highlight the importance of
controlling this variable when altmetric indicators are designed. It would be interesting and
necessary to explore the way in which the number of users in these platforms can be used to
counteract distortions in the prevalence.

Conclusions
Several conclusions can be drawn from the results. The theoretical assumptions of dimensions
and prevalence have demonstrated that it is possible to design indicators supported by scientific
results, giving more scholarly rigor, transparency and reproducibility to these measurements.
The employment of statistical techniques such as PCA and TF/IDF has granted to these indicators
more consistency and reliability.
This study has showed that there are different types of impacts and that it is necessary
distinguishing between them to precise the meaning of the indicators. The definition of
Scientific, Usage and Media Impact makes possible to group similar metrics according to their
significance and permit to observe the influence of research outputs on new knowledge spheres.
The proposed metrics have achieved the aim of integrating the information of similar metrics in
well-balanced measures. MDS maps and correlation matrices have shown that both WAI and IAI
are well correlated with their metrics and they are located in an intermediate place between
the individual metrics.
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