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Abstract

This study aims to validate an empirical model, at document level, that explains the inter-
action among content, usage, and citation within open access publications. The PLoS site
was the information source for this study. Using an R API (Application Programming
Interface) for PLoS ONE, 776,465 records were downloaded on August 24, 2018. Those
records (from 2006 to 2018) were organized according to the PLoS’ thematic areas. The
empirical framework was validated using mediation analysis. For computing the param-
eters’ significance, bootstrapping with 500 replications for the general model and each
thematic area was used. When usage was included as the mediating variable within the
model, the total effects of cognitive and social variables got better predictive capability, as
expressed by the explained variance of citation (R*=0.282) and usage (R*=0.333). The
same trend was observed for the indirect effects after carrying out the mediation analysis
by categories. Promotion campaigns of scientific publication should reinforce the wide-
spread adoption of easy-to-use social media because, besides the velocity and variety of
diffusion channels, the extended use guarantees that journal’s papers will reach increasing
audiences. This is one of the first studies that analyze the interaction effects of variables at
the article-level within open access publications.
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Introduction

With the expansion of subscription-based services and Application Programming Inter-
faces (APIs) developed for programs like Python and R, scholars have found an alternative
(to citation-based approaches) for analyzing the use of research results. The analysis of
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the repercussion of research results in digital environments like those provided by social
media is known as altmetrics (Priem et al., 2010). Altmetrics is a discipline that studies the
impact and (academic and non-academic) use produced by a scientific publication and the
pieces of research related to it (Williams, 2017). This classification of the academic and the
non-academic side of research use highlights the interest in fields or topics with different
levels of specialization: general users prefer popular topics while scholars are more inter-
ested in very specialized fields (Roemer & Borchardt, 2015). On the academic side, altmet-
rics focus primarily on the “reads” or “downloads” of a paper’s full text, or the inclusion
of paper information into bibliographic management software (e.g., Mendeley or Zotero),
or usage indicators available in databases like Scopus, or Web of Science, and to a lesser
degree in mentions on social media. Regarding the non-academic side, altmetrics analyzes,
mainly but not exclusively, the dissemination and use of research papers, on social media
(e.g., mentions in Facebook’s public pages or Twitter accounts), as well as the presence in
blogs or news sites because non-academic users are more interested in trending topics like
climate change or weight loss (Roemer & Borchardt, 2015).

Based on the data availability, research managers can determine the reception of
research on the users’ side, more than the academic impact measured by citation counting.
This understanding includes how the measures mentioned above interact among them to
identify the drivers of research impact. For this reason, this study introduces an empiri-
cal model for examining the interaction between research use and impact. Studies from an
altmetric perspective increase every year, as can be corroborated in two open access mul-
tidisciplinary databases: Dimensions and Google Scholar (GS). In the first one, there were
11 documents published in 2012 with the term altmetrics in the title and abstract fields.
In 2018, 2019, and 2020, the number went up to 186, 182, and 263. In GS, the number of
documents with the term altmetrics in the title field increased from 54 in 2012 to 160 in
2018. However, this growing importance of altmetrics as a research topic has not produced
theory-driven studies that test conceptual or empirical models because most of the investi-
gations are descriptive.

Altmetrics can be explained as a descriptive orientation (different from a theory-driven
one) and a discipline because it has not passed more than ten years since the publication of
the Altmetrics Manifesto (Priem et al., 2010), while disciplines like bibliometrics or scien-
tometrics have more than fifty years of history and research tradition.

Literature review

Given the massive volume of altmetric data generated faster than citations and the vari-
ety of information gathered from several digital channels, the altmetric zeitgeist should be
understood as the big data trend’s bibliometric side. There are now literally terabytes and
terabytes of altmetric data, but there is no empirical framework that organizes altmetric
data neither clarifies the relationships among the different altmetric activity manifestations.
Therefore, in the altmetric landscape, we have reached the same conclusion that the one
observed in other areas characterized by high volumes of data produced very fast and from
different information sources: big data is not enough, it is always necessary to give a sense
of our data by adopting a theoretical or empirical perspective. Nevertheless, there were
some attempts to explore the relationship among altmetric indicators and predict the aca-
demic impact based on those indicators.
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Bivariate correlation-based studies on altmetrics

Besides the descriptive studies on the academic and social impact measured by altmetrics
(Gontijo & De Araujo, 2021; Maricato & Vilan-Filho, 2018), other studies have explored
the relationship among those variables. The first group of studies explored the associa-
tions among altmetric indicators and citations in multidisciplinary databases like Dimen-
sions, Scopus, and Web of Science (WoS). Researchers have reported low to moderate
correlation with citation according to the Spearman’s rho: p=0.373 and 0.201 for articles
posted in specialized web pages and blogs (Thelwall et al., 2013), p=0.167 for mentions
in Facebook pages, p=0.113 and 0.148 for mentions in Twitter accounts (Haustein et al.,
2015; Wei & Noroozi, 2020), p=0.540 and 0.650 for downloads (Guerrero-Bote & Moya-
Anegon, 2014; Moed & Halevi, 2016) and p=0.494 and 0.701 for readings in the Mende-
ley bibliographic management software (Thelwall, 2017; Wei & Noroozi, 2020). In other
words, previous studies have analyzed the relationship between citation and research use
(academic and non-academic use).

Regression-based studies on altmetrics

Besides the correlation-based perspective, other studies predicted Scopus and WoS’ cita-
tions using altmetric indicators as predicting variables, like those using regression models.
There are two perspectives regarding regression-based studies examining altmetric indica-
tors: one from the informetric and scientometric side and the other from the medical sci-
ences approach. In the first group, authors predicted citations in Scopus and WoS using
linear regression models and negative binomial regression, the latter because of the log-
normal distribution of citations (Bornmann & Haunschild, 2018; Thelwall & Nevill, 2018;
Thelwall & Wilson, 2014; Wang et al., 2020a, b). For example, Thelwall and Nevill exam-
ined publications with higher Altmetric scores, taking into account citations in Scopus
and indicators in 27 broad fields (e.g., accounting, artificial intelligence, economics and
econometrics, or history). For the prediction analysis, they used the ordinary least squares
(OLS) linear regression model. According to the results, among the associated factors with
citations, the most important ones are CiteULike (#=0.65), Mendeley (#=0.55), blogs
($=0.49), tweets (#=0.36) and news (#=0.26), given that the regression coefficients
obtained statistical significance (Thelwall & Nevill, 2018).

Researchers from medical sciences have analyzed the contribution of associated
factors that are more relevant to the general public, like mentions in blogs or posts in
social media. In this sense, the primary associated factors identified were bloggers,
Twitter and Mendeley (Maggio et al., 2018; Smith et al., 2019), as well as public policy
documents, Google+ and Wikipedia (Sathianathen et al., 2020). In most of these stud-
ies, altmetric indicators were obtained from the data provider Altmetric.com. In the
first study (Maggio et al., 2018), researchers analyzed 2486 articles with altmetric indi-
cators, published in seven health professions education journals, and indexed in WoS.
Those authors used two regression models: a negative binomial regression with cita-
tions as the predicted variable and an OLS linear regression model with access counts
as the predicted variable. They found three variables with the highest incident rate
ratio: blogs (#=1.13, p <0.05), Twitter and Mendeley (both with f=1.01, p<0.001).
In another research (Sathianathen et al., 2020), 2033 articles published in 10 urology
journals between June 2016 and June 2017 were analyzed using a multivariate linear
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regression model with a forward stepwise regression method. They found four statisti-
cally significant variables with the highest prediction power: public policy documents
(#=28.7), Google+ (p=18.2), Wikipedia (f=12.9) and blogs (#="7.8).

Alternative analytical approaches for altmetrics

The no inclusion of interaction effects in the regression models reported in the lit-
erature can be explained by the lack of theoretical or empirical models that take into
account the mutual effect among variables or because researchers consider that indi-
rect effects are not necessary for understanding the dynamics of altmetrics. On the
other side, even though altmetric indicators are measured directly, they can be grouped
into latent variables by adopting structural approaches, considering that mentions in
Facebook or Twitter describe a higher level of social interaction rather than just the
presence in social media. Therefore, it is necessary to explore alternative analytical
approaches for a discipline of growing importance for research managers and people
interested in the output of research activities.

In the area of information science, few studies have worked with mediation analysis
for examining the effect of online reviews on product sales (Li et al., 2019) or the mediat-
ing effect of discussion frequency on networking heterogeneity when using social media
(Straup et al., 2020). Regarding citation as the predicted variable, we found two recent pub-
lications that adopt this methodological approach (Ebrahimy et al., 2016; Wu et al., 2021;
Zhang et al., 2019). In one of the studies, researchers adopted the social capital theory
to explain the associated factors with the academic impact of supply chain management
scholars (n=450). The academic impact was calculated from the citation impact factors
of journals where the scholar published their works and social capital was measured as the
number of followers in ResearchGate. Mediation analysis suggests that the scholar’s social
capital has a strong explanatory power (f=0.66, p<0.001) on the relationship between
research skill and academic impact (Zhang et al., 2019). A more recent study explored the
interaction among innovation, chief technology officer (CTO)’s gender and characteristics,
firm characteristics, industry and year effects within an innovation corporate environment.
Data from 5508 female CTOs were obtained from the BoardEx database and the firm’s
information was extracted from Compustat and Google Patents. Innovation was operation-
alized by three indicators: count of a firm’s patent applications in a year, number of cita-
tions received on all firm’s patents in a given year (including self-citations), and number
of outside citations. According to this study, transformational leadership mediates the rela-
tionship (#=0.66, p<0.001) between female CTOs and firm’s patent citation (Wu et al.,
2021).

No study included interaction effects (i.e., mediating or moderating variables) for
predicting the research impact from altmetric indicators, only one recent study used
the structural equation modeling for examining the mediating effect of usage between
mentions in social media and citation in Scopus (Vilchez-Roman et al., 2020). For the
empirical model tested in this work, the social media component was the driver for the
mediated process that explained the relationship among the analyzed variables. The
altmetric records (n=3186) used in this research were restricted to PLoS publications
from five South American countries: Bolivia, Chile, Colombia, Peru, and Venezuela.
Therefore, the question remains as to whether the model will work at a larger scale
than the Andean countries.
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Research question

From the literature review, we found one study that examined the relationship between men-
tions in social media and citation by including a mediating effect (Vilchez-Roman et al.,
2020). Even though the structural model introduced in that study got an acceptable explained
variance and appropriate goodness-of-fit indicators, it worked for open access publications
from five Andean countries. It is unknown whether the model will work at a larger scale, for
example by including international publications. To have a broader perspective on the interac-
tion among altmetric indicators we included a content-related variable and framed the follow-
ing research question: what is the relationship among mentions in social media, the content of
the abstract, usage and download and received citations in Scopus of papers published in open
access?

Hypotheses

Concerning the interaction between social media and usage/download as driver of citation,
there is not enough empirical evidence for establishing a causal path among those variables,
because citation can also be explained by reading papers downloaded by bibliographic man-
agement software like Mendeley or Zotero (Akella et al., 2021; Thelwall & Nevill, 2018) or
searching academic references in WoS (Wang et al., 2020a, b). Furthermore, previous stud-
ies have established an association between papers reading and usage/download (Haustein &
Lariviere, 2014) and social media activity (Cho, 2021). In this sense, the use of bibliographic
management software (this includes reading the papers downloaded with that software) can
also be a plausible explanation for the mediating role of the usage/download with the citation
in Scopus or WoS.

Therefore, omitting the mediating effect of the use of bibliographic management software
(mostly operationalized as Mendeley’s readings) can be a limitation of an empirical model
that explain the interaction among social media activity, usage/download and citation in mul-
tidisciplinary databases. In order to explore the relationships stated in the research question
from a mediating effects perspective, we disaggregated the question into three statements to
understand to what degree the download and usage mediated the relationship between social
media and content with the citation in Scopus (see Fig. 1).

H1 Social media indicators for open access publications have a medium and positive asso-
ciation with Scopus’ citation.

H2 Abstract’s content of open access publications has a medium and positive association
with citation.

H3 Download and usage of open access publications mediate the association between
social media indicators and abstract’s content with the citations in Scopus.
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Fig. 1 Empirical framework with mediation effects

Material and methods

In this study, we validated an empirical model at the document level that explains the inter-
action among content, usage, and citation in Scopus, according to the information available
from the Public Library of Science (PLoS). In August 24, 2018, we downloaded 776,465
PLoS records for the period 2006-2018. Downloaded publications were divided in the
following categories: Biology and life sciences=221,845; Computer and information sci-
ences=23,947; Earth sciences=19,613; Ecology and environmental sciences=21,149;
Engineering and technology =18,524; Medicine and health sciences=174,666; People
and places =37,939; Physical sciences =79,580; Research and analysis methods = 140,943;
Science policy =3513; Social sciences =34,746.

We chose PLoS as the information source because it hosts journals with worldwide
papers, published in open access. This publishing model means that any researcher could
read and use them free. Likewise, given our hypotheses’ nature, we considered that the
data available from this source were appropriate to test them. However, we did not include
metrics on papers “reading” because these data were not available from this information
source. Despite its broad coverage, we must mention that PLoS journals are focused on
medicine, science, and technology and fully published in English; in that sense, studies
from humanities and non-English speaking countries are underrepresented in this informa-
tion source.

Data collection and preprocessing

We used the R program rplos for downloading the article-level data (e.g., download and
citation counts, and the title and abstract for each publication). Rplos is an Application
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Programming Interface (API) developed to access and download the information availa-
ble from PLoS website, which publishes articles from the following open access journals:
PLoS ONE, PLoS Biology, PLoS Computational Biology, PLoS Genetics, PLoS Medicine,
PLoS Neglected Tropical Diseases and PLoS Pathogens. We recorded that information as
comma-separated values (CSV) files, one for each of the 11 categories mentioned at the
beginning of this section. Given that our empirical model’s two predictor variables come
from the publication’s content, synthesized in the abstract, in the preprocessing step, we
excluded those PLoS records that did not have an abstract, even though they got citations
in the Scopus database. After filtering, 758,419 records were considered for the analysis
(Biology and life sciences=216,872; Computer and information sciences =23,348; Earth
sciences = 19,225; Ecology and environmental sciences =20,693; Engineering and technol-
ogy =18,120; Medicine and health sciences =170,673; People and places =36,535; Physi-
cal sciences=78,373; Research and analysis methods=138,535; Science policy=2753;
Social sciences =33,292). Regarding textual information, we converted the abstract’s con-
tent into lowercase to maintain consistency during content analysis. Since we were inter-
ested in examining the abstract’s full content, we did not use any stopword file during tex-
tual data processing.

Variables measurement

We operationalized the abstract’s content as the percentage of words related to cognitive
and social dimensions. Scientific activity creates new knowledge (the cognitive compo-
nent) and is mainly carried out by research teams or scholars sharing data and resources
(social component). For calculating the percentage of cognitive and social related terms,
we used the internal dictionary of the Linguistic Inquiry and Word Count (LIWC) software,
version 2015 (Pennebaker et al., 2001). The validity and reliability of the LIWC diction-
ary have been established previously (Graybeal et al., 2002; Mehl & Pennebaker, 2003).
LIWC’s dictionary’s cognitive component of LIWC’s dictionary includes six elements
(causation, insight, discrepancy, inhibition, tentative, and certainty), while the social com-
ponent five elements (communication, references to people, friends, family, and humans).
Even though there are more complex methods for processing large volumes of text, like the
topic modeling technique known as latent Dirichlet allocation (LDA), most of them use the
bag of words approach by which words are extracted from their context to be analyzed with
the text mining algorithms (Blei et al, 2003; Ekinci & Omurca, 2020; Hu et al., 2014), the
same way the LIWC carries out its content analysis. For this reason, we decided to work
with the two LIWC'’s categories for psychological process mentioned above, since previous
studies also used the cognitive and social categories for analyzing scientific texts, like the
abstract of papers, manuscript reviews, or science students’ writings (Bjekic¢ et al., 2014;
Bornmann et al., 2012; Smith-Keiling & Hyun, 2019).

Social media activity had two elements: mentions in Facebook’s public pages and Twit-
ter accounts. It was measured as the count of mentions in each one. The download and
usage were operationalized as the count of downloads and readings for each publication.
Finally, the citation was operationalized as the citations received in Scopus.

Before testing the empirical model with mediation analysis, we randomly deleted
duplicated records (because several publications were classified in more than one cate-
gory) using a SPSS macro and computed central tendency and dispersion measures. In
this way the records deletion maintained the same proportion of records to be analyzed
for all PLoS categories. Then we obtained a correlation matrix to confirm variables
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of the model that were associated. The final dataset had 235,384 records. In order to
assure the replicability of the data, we ran the same path analysis with the filtered
dataset (n="758,419 records) and found similar results as those reported in this study,
when considering the positive or negative direction and the statistical significance of
the coefficients for direct, indirect and total effects (see “Appendix A”). The filtered
and analyzed datasets are available on the links included in the supplemental material
(see “Appendix B”).

Statistical procedure: mediating analysis

Mediation analysis is a procedure to determine the mechanism through which independent
variables influences dependent variables (Hayes, 2013). In that sense, researchers assume
that the independent variable affects the mediator, which in turn, affects the dependent var-
iable. Therefore, we can assume that the relationship between the independent and depend-
ent variable is indirect (Baron & Kenny, 1986).

We worked with the standard method for computing OLS regression coefficients and
obtained the z estimates for direct and indirect effects, with a confidence interval of 95%,
and the R? for predicted and mediator variables. We followed established guidelines to
determine whether the mediation effect was complete or partial (Baron & Kenny, 1986;
Hayes, 2013; Tacobucci, 2008; Jose, 2013). We used bootstrapping with 500 replications
and the type bias-corrected percentile to obtain each path coefficient’s statistical signifi-
cance. For handling missing values, we applied the full information maximum likelihood.
We compared the OLS mediation analysis results with a negative binomial regression
to identify differences. Finally, we obtained the direct, indirect, and total effects for the
general model and specific model for each topic. This analysis was carried out with JASP
0.14.1 JASP Team, 2020).

Results
Descriptive analysis

Most of the variables included in the empirical model showed a high dispersion, except
for the two variables related to the abstract’s content: cognitive (9.62+3.09) and social
(3.81+2.36) for all records included in the dataset. The descriptive analysis for thematic
areas, citation, social media indicators, and download/usage showed higher values for the
dispersion measure used in the study, but again social and cognitive areas showed low dis-
persion (see Table 1).

Bivariate correlation analysis on altmetric indicators

Regarding correlation analysis, contrary to expected, social media mentions showed mod-
erated and low statistical significance (r=0.383). We also obtained moderated values for
measures related to social and cognitive content (r=1.31). However, we got higher val-
ues for the correlation between citation and usage (r=0.477), a previously reported rela-
tionship in the literature (Ortega, 2015; Schlogl & Gorraiz, 2010; Schlogl et al., 2014). It
must be noted that from these three cited works, only Ortega (2015) used article-level data.
Therefore, despite the high dispersion of citation, social media indicators, and download/
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Table 1 Descriptive statistics (mean and standard deviation for thematic areas)

Thematic area Papers  Citation Twitter Facebook Usage Social Cognitive
Biology and life science 13,344 20.75 3.86 4.70 5534.04 3.88 9.48
40.37 30.04 62.07 10,354.59 2.27 2.94
Computer and information sci- 1247 23.38 4.19 3.92 572649 439 1047
ences 48.54 14.16 36.26 7019.85 2.32 3.04
Earth sciences 802 17.63 10.23 11.34 6315.84 3.60 9.33
34.47 30.09 41.33 10,541.40 2.38 2.86
Ecology and environmental 4183 16.62 542 6.05 484295 3.66  10.10
sciences 36.70 18.86 32.06 9014.60 2.03 2.89
Engineering and technology 982 18.62 4.88 423 525744 354 9.99
53.38 15.32 21.53 6684.27 2.37 3.21
Medicine and health sciences 37,095 17.48 2.77 3.93 4603.88 3.59 9.21
35.09 24.07 61.87 7883.58 2.06 2.70
People and places 12,793 14.38 4.24 6.69 4696.16 4.26 9.23
32.57 20.42 61.57 9692.81 2.76 2.78
Physical sciences 25,529 14.95 2.75 4.83 431359 3.23 9.42

30.13 26.00 11146 7999.81 2.04 2.92
Research and analysis methods 107,317 17.37 1.91 247 4396.39 3.56 9.25
38.40 15.71 31.79 6075.24 1.95 2.77

Science policy 1732 20.28 15.89 791 723692 3.55 11.01
87.30 78.74  120.07 18,922.05 2.84 3.55
Social science 30,360 12.95 9.34 10.37 5878.98 529 11.64
41.60 59.66 156.571 21,412.82 3.34 3.98
Total 235,384

For all variables, the arithmetic mean is displayed above the standard deviation

usage, we decided that the moderated correlations provided empirical support for the medi-
ation analysis. The variation was low and moderate in the two variables that have not been
analyzed previously in similar frameworks: cognitive and social content (see Table 2).

Table 2 Correlation matrix of variables included in the model (Pearson correlations)

Twiteer Facebook Social Cognitive Usage Citation
Twitter _
Facebook 0.383 ™ _
Social 0.067 ™ 0.020 *** ~
Cognitive 0.048 ™ 0.017 ™ 0.131 " _
Usage 0.557 " 0.350 ™ 0.071 ™" 0.039 ™ _
Citation 0.088 " 0.038 ™ 0.029 ™ 0.012 ™ 0477 -
#Hkp <001
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Regression-based mediating analysis on altmetric indicators

Even though the estimates for direct effects were negative but significant for social indica-
tors, when usage was included as mediating variable within the model, total effects (i.e.,
direct and indirect effects) of cognitive and social variables obtained better predictive capa-
bility (see Table 3 and Fig. 2) and acceptable values for the explained variance of cita-
tion (R>=0.282) and usage (R*=0.333). The same trend was observed when we obtained
the regression estimates for the indirect effects after carrying out the 11 thematic areas’
mediation analysis. The stronger mediation effects were observed in the path social con-
tent — download/usage — citation for earth sciences (#=0.053, p<0.00), computer and
information sciences (f=0.028, p <0.00), and research and analysis methods (4=0.021,
p <0.00). From 44 mediation effects included in the empirical framework, nine did not get
statistical significance, despite most of the variables showed high dispersion. According to
these results, it was observed a complete mediation for cognitive and social, but partial for
social media related indicators (see Table 4).

Discussion

Our results provided empirical support for the model introduced in this study: the social
content (rather than the cognitive one) is the driver of a mediated process that predicts the
download and usage of open access publications, and their later citation in Scopus. We
found that Twitter mentions have a negative and significant direct effect on the citation,
but cognitive and social content have no direct effect on citation. However, when usage

Table 3 Parameter estimates of mediation analysis for the general model

Estimate SE z-value p 95% confidence
interval

Lower Upper

Direct effects

Twitter — Citation —0.298 0.000 —106.665 0.000 —0.298 —0.298
Facebook — Citation —0.047 0.000 —50.876 0.000 —0.047 —0.047
Social — Citation 0.015 0.000 0.530 0.596 0.015 0.015
Cognitive — Citation -0.010 0.000 -0.475 0.635 -0.010 -0.010
Indirect effects

Twitter — Usage — Citation 0.406 0.000 200.356 0.000 0.406 0.406
Facebook — Usage — Citation 0.050 0.000 84.488 0.000 0.050 0.050
Social — Usage — Citation 0.349 0.000 19.823 0.000 0.349 0.349
Cognitive — Usage — Citation 0.069 0.000 5.132 0.000 0.069 0.069
Total effects

Twitter — Citation 0.108 0.000 37.737 0.000 0.108 0.108
Facebook — Citation 0.002 0.000 2232 0.026 0.002 0.002
Social — Citation 0.364 0.000 10.882 0.000 0.364 0.364
Cognitive — Citation 0.059 0.000 2.291 0.022 0.059 0.059

Delta method standard errors, normal theory confidence intervals
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Social media

Content

Fig.2 Path coefficients for the mediation effects model. Note: Total effects in larger font size, direct and
indirect effect in smaller font size, ***p <0.001, *p <0.05

mediates the relationship among variables (e.g., social media and content related indica-
tors), the mediation coefficients obtain higher values and get statistical significance. Our
empirical framework’s total effects demonstrate that mediation effects apply to Twitter
mentions and the social content of the abstract, as predictors of citations in Scopus. Moreo-
ver, our findings corroborate that it is not enough to promote the article’s content increas-
ing mentions in social media because before citing an academic contribution, scholars need
to download and read papers.

These findings are consistent with those reported in the academic literature. Regard-
ing to our first hypothesis (“Social media indicators for open access publications have
a medium and positive association with Scopus’ citation”), Dehdaridad (2020) analyzed
47,961 articles in the area of life sciences and biomedicine, published between 2014 and
2016. The researcher retrieved those records from Medline and found that early tweet
counts predict later citation counts, both in the count (f=0.017) and the logit (f=0.203)
models.

In another study, researchers used sentiment analysis for exploring the relationships
among altmetric indicators. They studied 6,482,260 tweets linked to 1,083,535 papers
indexed in Scopus and confirmed the predictive capability of the positive (8=0.254), neu-
tral (#=0.338) and negative (f=0.456) tweets on citations (Hassan et al., 2020). Despite
those studies did not include interaction effects, they constitute partial evidence for sup-
porting the empirical model introduced in this study.

Concerning to the third hypothesis (“Download and usage of open access publica-
tions mediate the association between social media indicators and abstract’s content with
the citations in Scopus”), a research team studied the relationships among subject mat-
ter, citations, downloads and the Altmetric Attention Score (AAS) within rheumatology.
They worked with altmetric data for 1460 papers, published from 2010 to 2015 and found
that the regression model for downloads and citations achieved an R>=29% (Chen et al.,
2020). Another recent study, examined the relationship between usage and citation in 7669
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Table 4 Parameter estimates of mediation effects for each category

Estimate SE z-value P 95% confidence
interval

Lower Upper

Biology and life science

Twitter — Usage — Citation 0.009 0.000 44.947 0.000 0.003 0.019
Facebook — Usage — Citation 0.003 0.000 32.324 0.000 0.002 0.004
Social — Usage — Citation 0.015 0.002 7.373 0.000 0.008 0.024
Cognitive — Usage — Citation 0.005 0.002 2.944 0.003 0.001 0.010
Computer and information sciences

Twitter — Usage — Citation 0.010 0.002 6.505 0.000 0.005 0.019
Facebook — Usage — Citation 0.005 0.001 9.102 0.000 —0.002 0.010
Social — Usage — Citation 0.028 0.009 3.202 0.000 0.011 0.052
Cognitive — Usage — Citation 0.006 0.007 0.906 0.365 —0.007 0.019
Earth sciences

Twitter — Usage — Citation 0.014 0.001 13.808 0.047 0.000 0.010
Facebook — Usage — Citation —0.002 0.001 -3.252  0.023 —0.004 —0.001
Social — Usage — Citation 0.053 0.009 5.881 0.086 —0.002 0.061
Cognitive — Usage — Citation 0.011 0.007 1.590 0.123 —0.002 0.042
Ecology and environmental sciences

Twitter — Usage — Citation 0.014 0.001 22.135 0.000 0.010 0.018
Facebook — Usage — Citation —0.001 0.000 —2.254 0.024 —0.002 0.000
Social — Usage — Citation 0.007 0.005 1.257 0.201 —0.002 0.019
Cognitive — Usage — Citation 0.003 0.004 0.800 0.424 —0.004 0.009
Engineering and technology

Twitter — Usage — Citation 0.015 0.002 9.665 0.000 0.007 0.036
Facebook — Usage — Citation 0.001 0.001 1.206 0.228 —0.001 0.004
Social — Usage — Citation 0.017 0.010 1.740 0.082 0.000 0.036
Cognitive — Usage — Citation 0.001 0.007 0.163 0.871 —-0.011 0.018
Medicine and health sciences

Twitter — Usage — Citation 0.009 0.001 65.505 0.000 0.005 0.017
Facebook — Usage — Citation 0.002 0.000 47.173 0.000 0.001 0.004
Social - Usage — Citation 0.016 0.001 12.465 0.000 0.011 0.022
Cognitive — Usage — Citation 0.004 0.001 4.568 0.000 0.002 0.007
People and places

Twitter — Usage — Citation 0.017 0.001 49.659 0.000 0.012 0.024
Facebook — Usage — Citation 0.000 0.000 5.924 0.000 0.000 0.001
Social — Usage — Citation 0.010 0.001 6.322 0.000 0.005 0.015
Cognitive — Usage — Citation 0.002 0.001 1.464 0.143 —0.001 0.007
Physical sciences

Twitter — Usage — Citation 0.011 0.000 60.547 0.000 0.005 0.019
Facebook — Usage — Citation 0.001 0.000 22.602 0.000 0.000 0.003
Social — Usage — Citation 0.014 0.002 9.165 0.000 0.010 0.019
Cognitive — Usage — Citation 0.005 0.001 4.702 0.000 0.002 0.008
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Table 4 (continued)

Estimate SE z-value P 95% confidence
interval

Lower Upper

Research and analysis methods

Twitter — Usage — Citation 0.013 0.000 99.342 0.000 0.009 0.019
Facebook — Usage — Citation 0.002 0.000 39.208 0.000 0.001 0.004
Social — Usage — Citation 0.021 0.001 21.614 0.000 0.017 0.024
Cognitive — Usage — Citation 0.008 0.001 12.216 0.000 0.007 0.010
Science policy

Twitter — Usage — Citation 0.005 0.000 14.961 0.000 0.003 0.008
Facebook — Usage — Citation 0.001 0.000 2.389 0.017 —0.001 0.005
Social — Usage — Citation 0.016 0.007 2.443 0.015 0.005 0.045
Cognitive — Usage — Citation 0.005 0.001 1.282 0200 —0.001 0.022
Social science

Twitter — Usage — Citation 0.007 0.000 85.387 0.000 0.004 0.013
Facebook — Usage — Citation 0.000 0.000 33.554 0.000 0.000 0.003
Social — Usage — Citation 0.002 0.000 2.058 0.040 —0.003 0.006
Cognitive — Usage — Citation —0.002 0.000 —2.583 0.010 —0.004 —0.000

preprints and 15,721 non open access papers published in 220 journals. According to their
results, usage (#=0.375) has a moderate and positive effect on citations in WoS (Wang
et al., 2020a, b). Again, even though these regression models did not include mediating
effects, the magnitude of the observed associations provides partial support to the empiri-
cal model developed for this study. We did not make a direct comparison with other medi-
ating effects models because, at the time of this writing, they were not available in the
academic literature. Therefore, we focused our discussion on those studies reported in the
literature.

We provided compelling evidence for an empirical model that expands our understand-
ing of the mediating effect of download and usage of publications between social media
indicators and abstract content of a publication. According to the hypothesis testing results,
from three hypotheses, just one was accepted for the general model, while for the thematic
areas, the mediating effect was significant in most cases. This result provided empirical
support to the model developed for this study. Moreover, we provided robust evidence that
supports the idea that the abstract’s content (a proxy for relevance) and the social media
indicators (a proxy for interaction) have a moderate association with the citation in Scopus
when mediated by download and usage. Indeed, PLoS’ family of journals does not repre-
sent the worldwide scientific publications, but since this is one of the most prominent jour-
nals, our findings pose several theoretical and practical challenges.

@ Springer



9470 Scientometrics (2021) 126:9457-9476

Implications for theory

Theoretically-driven models of research use give prominence to relevance (measured as
content in our empirical framework). In contrast, our findings challenge this long-time held
perception and provide support for an explanation that demonstrates the powerful effect of
the usage as mediating variable, at least according to the data available from article-level
metrics. On the other side, for developing well-grounded models, theoretical frameworks
must consider the dynamic nature of the analyzed process, which is not restricted to direct
relationships but includes interaction effects, like mediation or moderation. Thus, future
theoretical models can improve their predicting capability.

This study’s results can provide initial support for building a conceptual model on how
usage mediates the relationship between social media and content with citation. Regard-
ing information use theories, classic models of information searching and use originated
before the internet era. In that sense, they are more oriented to identifying information
needs, searching, evaluating, and using information obtained from printed-based resources.
Recent information use theories consider the high diversity of channels and platforms,
granting more prominence to the use of databases and electronic resources.

Among the information search and use models, the information-seeking behavior model
matches the empirical framework introduced in this research because it postulates the use
of information sources, mediated by computer-based systems, as well as the evaluation and
adoption of a piece of information obtained after analyzing or reading it (Wilson, 1999).
Following the main stages of the model, in the beginning, the user searches for a piece of
information, looking for data in different sources; in a similar way, a potential researcher
browses web pages, finds mentions of a publication in social media, and then scans the title
and abstract of that paper. If the content of the abstract or mentions in Facebook public
pages capture the information seeker’s interest, s/he downloads the PDF file and reads the
full-text of that publication. When the potential researcher perceives that the downloaded
publication contributes, s/he includes a reference citing the source. Given that the informa-
tion required for testing the main assumptions of the proposed theoretical model is based
on altmetric activity, this conceptual model would only apply at the document (publication)
level, not at the user level.

Implications for practice

Our evidence suggests that scientific publication promotion campaigns should reinforce the
widespread adoption of easy-to-use social media because, besides the velocity and variety
of diffusion channels, the extended use guarantees that journal’s papers reach increasing
audiences. Likewise, given that the abstract’s content improved its predicting capability
when the moderating effect was included, we recommend increasing the adoption of open
access strategies because in this way, the usage of a publication will increase. Finally, our
study demonstrates the usefulness of mediation analysis to validate exploratory conceptual
models based on article-level metrics. Since altmetric or citation data had high dispersion
on many occasions, and altmetrics is an emerging field with most of the conceptual models
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still in the exploratory phase, the use of mediating analysis for validating theoretical frame-
works could be the appropriate decision.

Limitations and future research

The study has two main limitations. First, our empirical framework included just six vari-
ables because the API’s current implementation only extracted the model’s information. In
this sense, our analytical approach should be replicated with studies that include more vari-
ables than those mentioned above. Second, despite the mediating role of usage (measured
by downloads and reads of each paper) was validated, few studies reported correlations
between the social media indicators and citation. Thus, this interaction effect should be
verified in future studies, maybe with data exported from well-known subscription-based
databases (e.g., Web of Science). Therefore, the analytical approach should be validated
with new data or information extracted from multidisciplinary databases.

Conclusion

Researchers usually include elements from existing models to build conceptual models
because this approach contributes to knowledge growing. In this way, theory building is
a consequence of recognizing and incorporating previous contributions. However, when
there are not previous theoretical frameworks for building or testing explanations on the
analyzed variables, researchers should begin with a data-driven exploratory approach,
which can be a reasonable choice. For this reason, in this study, we explored the interaction
effects among article-level metrics and found that usage mediates the relationship between
social media and content with Scopus’s citation. In this sense, this is one of the first studies
that analyzes the associated factors with citation, using a predictive model that incorpo-
rates interaction effects.

In brief, we developed an empirical framework and tested it with an analytical approach
appropriate for testing exploratory models. Our results provide compelling evidence on the
mediation model robustness; however, to get a sound empirical framework, future stud-
ies must work in the model fit by incorporating more indicator variables to the constructs
choice and research use. This model could be improved by comparing these initial results
with findings of new studies based on data extracted from multidisciplinary databases like
Scopus or WoS.

Appendix A

See Tables 5 and 6.
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Table 5 Parameter estimates of mediation analysis for the general model (filtered dataset, n="758,419)

Estimate SE z-value p 95% confidence
interval

Lower Upper

Direct effects

Twitter — Citation —0.007 0.000 —194.079 0.000 —0.008 —0.006
Facebook — Citation —0.001 0.000 —84.225 0.000 —0.001 —0.000
Social — Citation —0.000 0.000 —0.646 0.518 0.002 0.001
Cognitive — Citation —0.000 0.000 —2.887 0.004 —0.001 —0.000
Indirect effects

Twitter — Usage — citation 0.010 0.000 370.820 0.000 0.009 0.012
Facebook — Usage — Citation 0.001 0.000 151.277 0.000 0.000 0.002
Social — Usage — Citation 0.008 0.000 29.948 0.000 0.005 0.010
Cognitive — Usage — Citation 0.000 0.000 4.762 0.000 0.000 0.002
Total effects

Twitter — Citation 0.003 0.000 78.234 0.000 0.002 0.004
Facebook — Citation 0.000 0.000 11.078 0.000 —0.000 0.000
Social — Citation 0.007 0.000 15.379 0.000 0.006 0.008
Cognitive — Citation 0.000 0.000 0.082 0.934 —0.000 0.000

Delta method standard errors, normal theory confidence intervals

@ Springer



Scientometrics (2021) 126:9457-9476

9473

Table 6 Parameter estimates of mediation effects for each category (filtered dataset, n=758,419)

Estimate SE z-value P 95% confidence
interval
Lower Upper
Biology and life science
Twitter — Usage — Citation 0.013 0.000 187.280  0.000 0.009 0.016
Facebook — Usage — Citation 0.001 0.000 67.227  0.000 0.000 0.002
Social — Usage — Citation 0.012 0.000 24.563  0.000 0.010 0.015
Cognitive — Usage — Citation 0.002 0.000 6.473  0.003 0.001 0.004
Computer and information sciences
Twitter — Usage — Citation 0.005 0.000 53.381  0.000 0.003 0.007
Facebook — Usage — Citation 0.000 0.000 20.184  0.000 0.00 00.001
Social — Usage — Citation 0.013 0.001 11.308  0.000 0.008 0.018
Cognitive — Usage — Citation 0.000 0.000 -0.487  0.626 —0.002 0.001
Earth sciences
Twitter — Usage — Citation 0.009 0.000 54973  0.000 0.006 0.015
Facebook — Usage — Citation 0.000 0.000 9.729  0.000  —0.000 0.001
Social — Usage — Citation 0.013 0.002 8.493  0.000 0.009 0.019
Cognitive — Usage — Citation —0.000 0.001 -0.427 0.670  —0.003 0.002
Ecology and environmental sciences
Twitter — Usage — Citation 0.010 0.000 63.363  0.000 0.005 0.015
Facebook — Usage — Citation 0.003 0.000 37.041  0.000 —0.000 0.005
Social — Usage — Citation 0.004 0.001 2.645  0.008 —0.001 0.010
Cognitive — Usage — Citation 0.000 0.001 0.767  0.443 —0.002 0.004
Engineering and technology
Twitter — Usage — Citation 0.006 0.000 53.307  0.000 0.004 0.010
Facebook — usage — Citation 0.000 0.000 13.337  0.000 0.000 0.003
Social — Usage — Citation 0.015 0.001 10.432  0.000 0.010 0.020
Cognitive — Usage — Citation —0.000 0.001 -0.645 0519 —0.003 0.001
Medicine and health sciences
Twitter — Usage — Citation 0.014 0.000 182.484  0.000 0.010 0.020
Facebook — Usage — Citation 0.002 0.000 71.904  0.000 0.000 0.004
Social — Usage — Citation 0.009 0.000 15315  0.000 0.004 0.013
Cognitive — Usage — Citation 0.001 0.000 2928  0.003 —0.000 0.003
People and places
Twitter — Usage — Citation 0.008 0.000 78.855  0.000 0.005 0.013
Facebook — Usage — Citation 0.000 0.000 12.544  0.000 —0.000 0.000
Social — Usage — Citation 0.006 0.000 7.604  0.000 0.003 0.010
Cognitive — Usage — Citation —0.000 0.000 -0.111 0911 —0.002 0.002
Physical sciences
Twitter — Usage — Citation 0.013 0.000 144.560  0.000 0.009 0.019
Facebook — Usage — Citation 0.002 0.000 71.574  0.000 0.000 0.006
Social — Usage — Citation 0.003 0.000 3.421  0.000 —0.002 0.010
Cognitive — Usage — Citation 0.000 0.000 0.879 0379 —0.002 0.003
Research and analysis methods
Twitter — Usage — Citation 0.012 0.000 151.189  0.000 0.009 0.017
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Table 6 (continued)

Estimate ~ SE z-value p 95% confidence
interval

Lower Upper

Facebook — Usage — Citation 0.002 0.000 67.361  0.000 0.000 0.005
Social — Usage — Citation 0.008 0.000 11.268  0.000 0.002 0.016
Cognitive — Usage — Citation 0.002 0.000 4743  0.000  —0.000 0.005
Science policy

Twitter — Usage — Citation 0.003 0.000 19.392  0.000 0.001 0.004
Facebook — Usage — Citation 0.000 0.000 8.310  0.000 0.000 0.001
Social — Usage — citation 0.009 0.004 2.387  0.017 0.000 0.022
Cognitive — Usage — citation 0.000 0.003 0.240  0.810 —0.004 0.008
Social science

Twitter — Usage — Citation 0.007 0.000 88.356  0.000 0.004 0.012
Facebook — Usage — Citation 0.000 0.000 36.716  0.000 0.000 0.003
Social — Usage — Citation 0.002 0.000 2.544  0.011 —0.002 0.006
Cognitive — Usage — Citation —0.002 0.000 —-2.543  0.011 —0.004  —0.000
Appendix B

Links to the Comma-Separated-Values (CSV) files used in the study.

Filtered dataset (n=758,419 records)
https://doi.org/10.6084/m9.figshare.16652707.

Analyzed dataset (n=235,384 records)
https://doi.org/10.6084/m9.figshare.16652758.
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