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Abstract

Altmetrics are often praised as an alternative or complement to classic bibliometric metrics,
especially in the social sciences discipline. However, empirical investigations of altmetrics
concerning the social sciences are scarce. This study investigates the extent to which eco-
nomic research is shared on social media platforms with an emphasis on mentions in pol-
icy documents in addition to other mentions such as Twitter or Facebook. Moreover, this
study explores machine learning models to predict the likelihood of a research article being
classified into the top-quality tier of a journal ranking based on the altmetric mentions.
The included journal rankings are the academic journal guide (AJG), source normalized
impact per paper (SNIP) and journal citation reports (JCR). The investigated journals have
been selected based on the AJG list and extracted from Altmetric.com data. After applying
extensive data cleaning on the extracted data, a final set of 55,560 journal article records
is obtained. The results indicate that the average number of policy mentions of the publi-
cations of economics journals is higher than the other subject areas included in the AJG
list. Moreover, the publications in top-ranking economic journals are more likely to have
a higher average number of policy mentions. Policy and Twitter mentions are presented as
the most significant and informative social media mentions in demonstrating the broader
impact and dissemination of Economics discipline followed by Blogs, Facebook, Wikipe-
dia, and News. The results show that Support Vector Machine and Logistic Regression
performed best in classifying the journal ranking tiers i.e. SNIP-based with 77% accuracy,
JCR-based with 71% accuracy, and AJG-based with 66% accuracy. The models classified
the ranking tier AJG18 with lower accuracy than SNIP and JCR. This might be because
the AJG18 rankings are based on expert opinion, whereas SNIP and JCR are based on
citations.

Keywords Altmetrics - Economics - AJG - SNIP - JCR - Machine learning

P4 Saeed-Ul Hassan
saeed-ul-hassan @itu.edu.pk

Extended author information available on the last page of the article

@ Springer


http://orcid.org/0000-0002-6509-9190
http://crossmark.crossref.org/dialog/?doi=10.1007/s11192-020-03613-3&domain=pdf

1542 Scientometrics (2020) 125:1541-1558

Introduction

The intention of research publications is not just to communicate with one’s peers and
make a mark in the research community, but also to influence society. The classic (or bib-
liometric) way of measuring this influence has typically been through citation metrics. But
these metrics have several limitations since they often only include research communica-
tion in peer-reviewed publications and thereby do not cover the full extent of a research
publication’s usage. The introduction of social media platforms has highlighted that
research is not just discussed in formal scholarly communication channels, but instead, it
is often communicated and debated by a research community before being given a citation
(Hassan et al. 2020a, b). By including social media data, invisible informal debate and
usage can become visible (and measurable).

As aresult, new possibilities of measuring the impact or broader usage of scientific pub-
lications in social media have emerged (Costas et al. 2015). These alternative metrics are
often referred to as altmetrics. They refer to mentions of scientific outputs on Facebook,
Twitter, blogs, news media, or reference management tools (Said et al. 2019), and since
2014, policy documents (Tattersall and Carroll 2018). In comparison with classic metrics,
altmetrics often measure the immediate research attention and include a wider range of
non-academic audiences, as well as cover more diverse research sources and outputs (Aung
et al. 2019; Hassan et al. 2020a). For example, with the inclusion of policy mentions, it is
possible to follow how research influences decision-makers in society.

Multiple studies have investigated the relationship between citation counts and altmet-
ric mentions (Costas et al. 2015; Haustein et al. 2014; Thelwall et al. 2013; Hassan et al.
2019), but the findings do not agree whether altmetric mentions are associated with cita-
tion counts; instead, the relationship largely depends on the discipline (Hassan et al. 2020).
Costas et al. (2015) found that publications from the Social Sciences and Humanities
(SSH) exhibit a higher altmetrics activity compared to the other research branches, thus
indicating a lot of potential for research evaluation.

The possibility of measuring the broader usage is essential to perform better evaluations
of SSH research since it targets a broad array of audiences and has a more heterogeneous
publishing approach (Nederhof 2006; Hammarfelt 2014). But, empirical investigations of
the SSH are few, and especially in-depth studies of a single SSH discipline is lacking. This
study seeks to address the following research questions (RQ):

RQ1 What is the coverage of Economics on Altmetric.com?
RQ 2 What is the extent of economic research mentions in the policy documents?

RQ 3 Which social media mentions show the broader impact of economic research
publications?

RQ 4 Which social media mentions relates to the journal indicators?

RQ 5 Can altmetrics serve as an authentic and reliable medium to classify the quality tiers
of AJG, JCR, and SNIP?

Thus, this study investigates the extent to which economic research is mentioned on
social media platforms with an emphasis on mentions in policy documents, and how these
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mentions relate to journal rankings. We explore the likelihood of an economic article being
classified into the journal ranked outlet based on their altmetric mentions. Following this
introduction, “Literature review” section presents the literature review, “Data and meth-
odology” section describes the data and methodology, and “Results and discussion” sec-
tion shows the results and findings. Moreover, “Concluding remarks” section provides the
conclusion.

Literature review

In September 2010, Jason Priem composed the term “altmetrics” in one of his tweets. Alt-
metrics stands for “alternative metrics.” As mentioned in the introduction, classic measures
use bibliometric indicators, such as citation counts and journal rankings. Altmetrics were
introduced to complement bibliometric measures, not to replace them. According to Kelly
(2017), “altmetrics will give a complete picture of how to research and scholarly output is
used.” The development of the concept of altmetrics has occurred simultaneously with the
growth in web-tools, and it is a constantly expanding area.

Social usage data

There are three major altmetrics data providers: Altmetric.com, ImpactStory, and Plum
Analytics. In this study, we use Altmetric.com, which captures the data from 17 different
online platforms such as Policy Documents, Twitter, Facebook, Google +, Reddit, Blogs,
Weibo, Stack Overflow, and CiteULike. Altmetric.com accumulates all the social media
attention gathered by a scientific publication in an altmetric score. The altmetric score
reflects both the quantity (higher attention, higher score) and quality (weighting accord-
ing to different sources) of attention received by each item (Costas et al. 2015). In this
paper, we will refer to the company as Altmetric as capitalized, and altmetrics as the pro-
cess without a capital letter.

Altmetric measures the research impact through online interactions and provides addi-
tional demographics information such as user categories and geographical locations.
Altmetric started tracking social media attention in 2011 and has since captured 2.8 mil-
lion records, which contain at least one associated online activity. Altmetric is constantly
expanding the coverage and is becoming increasingly popular among scholars, publish-
ers, universities, and funders with the increased usage of social media for scholarly
communications.

Still, despite the increasing usage, the characteristics and properties of altmetrics are not
well understood. Previous studies find that the mentions and usage of research publications
on social media platforms differ depending on the disciplines (Hassan et al. 2017; Holm-
berg and Thelwall 2014). Nuredini and Peters (2015, 2016) show that Mendeley, Twitter,
and News are the top 3 altmetric sources that are used extensively for the Economic and
Business Studies (EBS), whereas Zahedi et al. (2014) find Facebook, Twitter, and Blogs
to be the most used altmetric sources for the health sciences and biomedical publications.
Policy mentions are much less frequent for all disciplines; however, studies have found a
greater trend in economics compared to other disciplines (Haunschild and Bornmann 2017;
Tattersall and Carroll 2018).

The inclusion of policy documents on the Altmetric platform happened in 2014. Before
Altmetric started tracking policy mentions, it was almost impossible to discover whether

@ Springer



1544 Scientometrics (2020) 125:1541-1558

a piece of research had been cited in a policy document. You had to manually examine
relevant documents, communicate with policymakers, or find the citations by pure chance
(Tattersall and Carroll 2018). By gaining access to policy documents citations, it becomes
possible to better track the societal impact of research. Policy document citations can be
used to expose the interaction between science and politics and be considered a critical
indicator for measuring the societal impact and the significance of a research article (Born-
mann et al. 2016; Liu 2014).

Nevertheless, there are many coverage limitations, especially since Altmetric mainly
covers English-language organizations and agencies.

Altmetrics and citations

Multiple studies have investigated the relationship between altmetric and bibliometric indi-
cators. Tweets seem to have a positive relationship with early citation counts (Eysenbach
2011; Shuai et al. 2012), but most of the examined disciplines do already have a high and
early citation rate. Thelwall et al. (2013) found that a positive correlation exists between
11 different altmetric indicators and Web of Science (WoS) citations based on 208,739
PubMed publications. Their results imply that for indicators like Twitter, Facebook posts,
blogs, online media & forums, there is a positive relationship between the altmetric score
and citation count. Nevertheless, Costas et al. (2015) find a weak correlation between cita-
tions and altmetric scores, and they conclude that altmetrics should be used to comple-
ment bibliometric citation analysis. Likewise, Nuredini and Peters (2015) find a moderate
correlation between Mendeley readership and the journal impact factor in Economics and
Business Studies Journals, and they also propose that reader counts can complement the
bibliometric indicators. Bailey et al. (2017) investigate the relationship between altmetric
indicators, bibliometric citations, and policy citations of research papers and explore meth-
ods to predict whether a research paper is cited in a policy document. They find a weak
correlation between the altmetric indicators, bibliometric indices, and policy citations.
Most altmetrics studies focus on the medical sciences or natural sciences. There are few
studies focusing solely on altmetrics evaluations in SSH. In this study, we address this lack
of knowledge by exploring social media usage in economics with an emphasis on policy
documents, and how journal rankings associate with economic research’s altmetric score.
Furthermore, we explore classification models to predict the likelihood that an article is
classified into the top quality tier of a journal ranking based on the altmetric mentions.

Data and methodology

This section presents the detail of compiled datasets along with the bibliometric indices.
We aim to find those factors or mentions of altmetrics that are positively correlated with
the publications of highly ranked journals in economics. Furthermore, using altmetric

mentions, we also employ machine learning models to predict the ranking of journals in
€conomics.

Data acquisition

The data was collected from Altmetric.com in October 2019, and it consists of 8158,029
JavaScript Object Notation (JSON) files, which span the period from 1890 to 2017. Each
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file represents a single publication. The total 55,574 records have been extracted from the
altmetrics data for the 332 journals in economics indexed by Academic Journal Guide
(AJG). The extracted dataset is comprised of several features, including Altmetric id, Jour-
nal title, Publication year, Blogs mentions, Policy mentions, Facebook mentions, Twitter
mentions, Google + mentions, News mentions, Wikipedia mentions, Total mentions, Alt-
metric score, Author count, etc. We used the ranked outlets of the indicators AJG, JCR,
and SNIP. Before explaining the details of the data compilation process, we will briefly
present the details of these indicators.

AJG: The Academic Journal Guide (AJG), created by the Chartered Association of
Business Schools (CABS) (2018), is updated every third year. First, by a review board of
editors and methodologists followed by a review by the scientific committee of subject
experts along with, where applicable, supporting metrics (SNIP and JCR). The AJG 2018
list of journals (AJG18) is divided into 22 subject areas. These journals are ranked in five
groups from higher to lower quality tier: 4%, 4, 3, 2, and 1.

JCR: To obtain the source data, Journal Citation Reports (JCR) uses approximately
11,000 journals indexed in the Web of Science database. The journal impact factor (JIF)
formula uses publications citation counts from the previous 2 years but also offers a five-
year JIF (Jacso 2009).

SNIP: Source Normalized Impact per Paper (SNIP) measures the impact of source titles
by normalizing the citation potential in the field (Moed 2010; Waltman et al. 2013). SNIP’s
main advantage is that it normalizes citations across the subject areas, and in contrast to
JIF’s 2 years’ citation window, SNIP is calculated using 3 years of citation data.

Methodology

This section presents the overall approach of this research study, which takes account of all
the steps from data collection, data processing, and statistical analysis to feature extraction
and classify the ranked journals into the respective quartile. Figure 1 illustrates the overall
workflow of the designed technique.

The raw data was collected in the JSON file format from Altmetric.com. We scripted the
data to extract the publications of the economics journals, then we processed and cleaned
the data. Prior to applying the machine learning models on the dataset, we examined the
coverage of altmetric mentions and did statistical analysis (correlation and distribution of
the altmetrics data) across the journal rankings using SPSS.
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Fig.1 The workflow of the proposed study from data collection to analytical results
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Then the data was divided into training and testing datasets for the machine learning
models. These models were then trained using the training set and then evaluated based on
the results of the testing dataset. We show the accuracy of the machine learning models by
using altmetrics data in classifying the ranked journals into the respective quartile.

Smart data processing

For the extraction of the publications of the economics journals, an extensive data script-
ing was performed on MongoDB, a cross-platform document-oriented database program,
by applying SQL queries on the raw data. From a total of 8,158,029 records in altmetrics,
55,574 records of the economic journals were extracted by cross matching the AJG list
provided by the Association of Business Schools (ABS), based on journal’s International
Standard Serial Number (ISSN) and/or journal’s title. ISSN number was used for extracting
such publications where the journal’s title has been changed or missing. Prior to perform-
ing any data analysis, we applied substantial data cleaning and data processing on the data-
sets, including format corrections for the publication year and anomalies with the records,
where publications were mapped with the years 2037, 2030, 2028, etc. We found 14 such
instances in the data (0.03% records), and they were removed before further analysis. Thus,
the final dataset file for economics journals consists of 55,560 publications.

Furthermore, the rankings of AJG18, JCR, and SNIP were divided into quartiles (Q1,
Q2, Q3, or Q4) for data analysis. The Q1 indicates that the journal is in the top 25% of its
subject category, while Q4 indicates that it belongs to the bottom 25% of the journals in
that category. To divide the rankings into quartiles, ranges were defined for AJG18, JCR,
and SNIP ranks. Note that of the total 332 journals obtained from AJG, we found only 213
which had been assigned a JCR and 292 which had been assigned a SNIP. This shows that
AJG has more extensive coverage of economics journals in relation to Web of Science
(WoS) and the Scopus since JCR is computed from WoS, and SNIP is computed from the
Scopus database.

Furthermore, the ranges for AJG18, JCR, and SNIP, along with the quartiles, are shown
in Table 1. For AJG18, Q1 consist of all level 4* and four journals, Q2 contains all level 3
journals, Q3 contains level 2 and Q1 consist of all top-level journals. The JCR and SNIP
were sorted based on the individual journal values in descending order, then the top 25%
journals were assigned to Q1 ranks, the next quartiles were assigned to respective outlets
in Q2, Q3, and Q4. The information regarding the number of journals and the number

Table 1 The divided ranges, total number of journals, and publications for AJG18, JCR, and SNIP along
with their ranked outlets

Q1 Q2 Q3 Q4

[# of Journals, Publica- [# of Journals, Publica- [# of Journals, Publica- [# of Jour-

tions] tions] tions] nals, Publica-

tions]

AJG18 4% 4 3 2 1

[23, 16852] [67, 19605] [120, 13717] [122, 5400]
JCR 1-54 55-108 109-162 163-216

[54, 27997] [54, 11369] [52, 7948] [53, 4401]
SNIP 1-73 74-146 147-219 220-292

[73, 33078] [72, 9546] [72, 8345] [75, 4248
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of publications falls in each quartile against AJG18, JCR, and SNIP is also presented in
Table 1.

Statistical analysis

We investigate the relationship between the altmetric mentions and the journal rankings
using Spearman’s Rho correlation; Eq. 1 presents the mathematical formulation of the
Spearman’s Rho correlation.
: , 6¥D?
Spearman’s Rho correlation (R,) = ——>—— (1)
N(N? -1)

Here D indicates the difference between a pair of respective features, and N denotes the
number of records.

Machine learning models

In order to classify the journal ranked outlets into the respective journal quartiles, we
deployed four machine learning models (Random Forest, SVM, Naive Bayes, and Logis-
tic Regression) on our data feature file. The feature file comprises of the following six
features: Blog mentions (the number of times a publication has been discussed in blogs),
Facebook mentions (the number of times a publication has been mentioned on a Facebook
wall), News mentions (the number of times a publication has been discussed in news out-
lets and magazines), Policy mentions and Twitter mentions (the number of times a publica-
tion is tweeted or retweeted. We used 10-fold cross-validation with 70% training data and
30% testing data for multi- and binary-class classification. Following are brief descriptions
of deployed machine learning models:

Logistic Regression (LR) is a very basic and useful supervised classification algorithm
that predicts a value that belongs to a discrete class (Wright 1995). The predicted value
always lies between negative infinity to positive infinity by using a linear equation with
independent predictors. But as the algorithm works for binary classification, therefore, the
output of the linear equation is squashed into a range of [0, 1] by using a sigmoid function.
Logistic regression is based on the logit or sigmoid function, as shown in Eq. 2.

1

y= 1+e9Tx

2
where y indicates a class label, x indicates a data sample, and 6 indicates a weight matrix.

Support Vector Machines (SVM) is a supervised machine learning algorithm that can
be used for both classification and regression challenges (Suykens and Vandewalle 1999).
SVM is a discriminative classifier that results in an optimal hyper-plane in N-dimensional
space where N is the number of features. In this study, we used C- Support Vector Machine
with the Radial Basis Function (RBF) kernel. Equation 3 presents the basic function of an
SVM classifier.

y=WIx)+b 3)

Here W is the weight matrix, x is a data sample, b is bias value, and y is the class label.
Random Forest (RF) is a supervised learning algorithm (Segal 2004), also called a ran-
dom decision forest, which is an ensemble learning method for classification, regression,
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and outlier detection. It works just like a meta estimator that fits a number of decision tree
classifiers on various sub-samples of the dataset during training and results in a class that is
the mean prediction of the individual trees or the mode of the classes to control over-fitting
and to improve the predictive accuracy of the classifier.

Naive Bayes (NB) is the fastest and most robust supervised classification algorithm,
which is suitable for a large chunk of data and works on an assumption of independence
among predictors and is based on Bayes’ Theorem (Lewis 1998). Equation 4 presents the
mathematical formulation for Bayes’ Theorem:

P(x|c) * P(c)
P(clx) = T (4)
Here P (clx) indicates the posterior probability of target class given observation, P(c) indi-
cates the prior probability of the class, P (xIc) is the likelihood which is the probability of
the observation given class and P(x) is the prior probability of the observation.

Extra tree classifier for feature importance

Extremely Randomized Trees Classifier, also known as ExtraTreesClassifier (EC), is a
type of ensemble learning technique that implements a meta estimator that fits a number
of randomized decision trees on various sub-samples of the dataset and uses averaging to
improve the predictive accuracy and control over-fitting. For the construction of each Deci-
sion Tree (DT), an original training sample along a random sample of k features from the
feature-set is used, from which the best feature to split the data is selected using a mathe-
matical criterion known as Gini Index. This random sample of features leads to the creation
of multiple de-correlated decision trees. To perform feature selection, the Gini Importance
for each feature is computed. Then each feature is ordered in descending order according
to the Gini Importance, and the user selects the top k features according to his/her choice.

Results and discussion

In this section, we present the results of the statistical and machine learning models to
answer the study’s five research questions.

Coverage of economics in Altmetric.com

In response to the RQ 1 i.e., “What is the coverage of Economics in Altmetric.com?”’, we
extracted 55,560 publications records from 332 economics journals from the data indexed
in Altmetric.com, i.e., 0.68% of the total publications in the entire altmetrics dataset. Fig-
ure 2 presents the publication trends of economics-related scientific literature in altmetrics.
It shows how publications of recent years are more likely to be mentioned in Altmetric.
com data than the publications of the previous years as altmetrics came into being in 2011.
Additionally, it demonstrates a greater tendency to debate economic-related research on
social media.

Furthermore, we show the coverage of aggregated altmetric mentions across the quar-
tiles for AJG, JCR, and SNIP. Figure 3 shows that the publications with higher-than-aver-
age altmetric mentions are also more likely to fall in the Q1. This demonstrated that if the
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Fig.3 Average total mentions across the journal ranked outlets

altmetric mentions of a particular publication are high, then it is more likely to be pub-
lished in a highly ranked journal that falls in Q1.

Trend of policy mentions for economics

In this section, we address RQ 2 i.e., “What is the extent of Economic research mentions
in the policy documents?” At first, we illustrated the coverage of policy mentions across
selected quartiles (see Fig. 4). We found that the publications with high average policy
mentions are more likely to fall in the first quartile (Q1) of the journal ranking,s which
clearly indicates that the policy mentions hold significance in predicting the quartiles for
the journal rankings.

In addition, a separate dataset of 204,053 records was extracted from the altmetrics
database against all the subject areas mentioned in the CABS (2018); this dataset was
used to study how many publications against all the ABS fields indexed in altmetrics are
mentioned in policy-related documents. Table 2 shows that policy mentions are more fre-
quent in Economics, Econometrics and Statistics (43%) compared to the other fields in the
AJG list (7-39%), as well as being more frequently mentioned in policies. Consequently,
our results correspond to the trend found by Tattersall and Carroll (2018) and Haunschild
and Bornmann (2017) with policy mentions showing promise in measuring the broader
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Table 2 Policy mentions across all Association of Business Schools (ABS) fields

Field® Mean Pubs with SD All Pubs. Percentage (%)
policy men-
tions
Accounting 1.2 283 0.602 1548 18
Business and economic history 1.38 265 1.119 2205 12
Economics, econometrics and statistics 241 23,795 3.788 55,560 43
Entrepreneurship and small business manage- 1.57 356 1.703 2075 17
ment
General management, ethics, gender and SR 1.34 1418 1.208 10,951 13
Finance 2.14 2546 2911 6551 39
Human resource management and ES 1.32 632 0.852 3104 20
International business and area studies 1.29 634 0.782 4957 13
Information management 1.2 678 0.552 9386 7
Innovation 1.88 965 2.005 4137 23
Management development and education 1.28 641 0.776 4760 14
Marketing 1.28 650 0.891 6073 11
Operations and technology management 1.17 293 0.681 2175 14
Operations research and management science 1.39 768 1.09 6761 11
Organizational studies 1.31 477 0.849 4294 11
Psychology (general) 1.67 2516 1.89 15,444 16
Psychology (organizational) 1.43 2947 1.004 11,828 25
Public sector 1.67 2085 1.84 7790 27
Regional studies, planning and environment 1.4 1481 0.994 6337 23
Sector studies 1.47 3429 1.479 14,823 23
Social sciences 1.79 5899 2.054 21,442 28
Strategy 1.32 265 0.886 1838 14

#An additional dataset of 204,053 publications published in 1565 journals belonging to all the 22 subject
areas mentioned in CABS (2018) was taken to run the analysis presented in Table 2

impact of economics. Thus, the highest percentage of policy mentions for economics jour-
nals across all the other ABS fields demonstrates the significance and importance of policy
mentions for the publications of economics journals.
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Table 3 Coverage of the

R ; . . Altmetrics factors N Percentage (%)

altmetric mentions in Altmetric.

com data Blogs mentions 6680 12.0
Book review mentions 2 0.0
F1000 mentions 52 0.1
Facebook mentions 4321 7.8
Google mentions 534 1.0
News mentions 3010 54
Policy mentions 23,795 42.8
Q&A mentions 229 0.4
Reddit mentions 476 0.9
Twitter mentions 28,535 514
Video mentions 74 0.1
Wikipedia mentions 4809 8.7

Table 4 Descriptive data of altmetric mentions that exist in over 5% in the data

Data descriptive Blogs Facebook News Policy Twitter Wikipedia
Mean 1.73 1.62 3.11 241 5.49 1.29

N [coverage %] 6680 [12%] 4321 [7.8%] 3010 [5.4%] 23,795 [42.8%] 28,535[51.4%] 4809 [8.7%]
SD 6.856 3.075 5.683 3.788 21.542 .790
Median 1.00 1.00 1.00 1.00 2.00 1.00

Coverage of altmetrics factors across the economics journal publications

In order to answer RQ 3 i.e. “Which social media mentions show the broader impact of
economic research publications?”’, we explore the overall coverage of the altmetric men-
tions over the economics domain using the dataset extracted from Altmetric.com. This cov-
erage along with the percentage of all the altmetric mentions, is shown in Table 3. The
results demonstrated that Twitter mentions are most prevalent with 51.4% followed by Pol-
icy mentions with 42.8%. It shows which altmetrics factors occur in more than 5% of the
mapped economics journal publications. These altmetric factors: Blogs, Facebook, News,
Policy, Twitter and Wikipedia, are further presented in Table 4, which shows their mean,
median, standard deviation, and coverage. These six factors are used in the further analy-
sis. It is apparent that both Twitter and Policy mentions are critical to demonstrating the
broader impact and dissemination of economics followed by Blogs, Facebook, Wikipedia,
and News.

Social media mentions in relation to bibliometric journal indicators

We use the Spearman’s Rho Correlation results to answer RQ 4 “Which social media men-
tions relates to the journal indicators?”. Table 5 shows the correlation between the ranked
outlets of the journal and all the social mentions. Interestingly, Facebook mentions have a
weak negative correlation with the journal rankings for economics, which demonstrates
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that it rarely happens that publications from the top journals are being shared on Facebook.
On the other hand, Facebook mentions have a correlation at 0.22-0.35 with Blogs, News,
and Twitter mentions. This weak positive correlation indicates that the publications getting
attention on Facebook may get mentions on other social media platforms as well.

Predictive power of altmetric mentions for the quality tiers of AJG, JCR and SNIP

To answer RQ 5, “Can altmetrics serve as an authentic and reliable medium to classify the
quality tiers of AJG, JCR, and SNIP?”, we ran a set of experiments as follows:

Machine learning model for multiclass classification

We performed multiclass experiments to classify a publication into the ranked outlets: Q1,
Q2, Q3, and Q4 using the altmetric mentions displayed in Table 4, which exist in over
5% of the dataset. The models were trained using a 10-fold cross-validation technique and
were evaluated on the basis of accuracy, precision, recall, and Fl1-measure metrics. Note
that for each ranked outlet, we ran a separate ML model. Table 6 shows the evaluation
results of our employed ML models for four classes from Q1 to Q4. In the case of AJG18,
it was observed that SVM and LR had performed the best with 40% accuracy. However, for
JCR, SVM scored 51% accuracy. For SNIP quality metric, RF, SVM and LR achieved 59%
accuracy scores.

The achieved accuracy results were not satisfying, so to improve the accuracy, we con-
verted the multiclass classification problem into a binary-class classification problem.

Table 6 Multiclass classification

results of ML models Ranked outlets AJG18 (%) JCR (%) SNIP (%)

Multinomial Naive Bayes

Accuracy 36 47 55
Precision 29 18 19
Recall 30 20 20
F1-measure 28 16 17
SVM

Accuracy 40 51 59
Precision 34 32 33
Recall 30 20 20
Fl-measure 25 14 15
Logistic regression

Accuracy 40 50 59
Precision 37 27 28
Recall 30 20 20
Fl-measure 25 14 15
Random forest

Accuracy 39 50 59
Precision 35 21 25
Recall 30 20 20
F1-measure 26 15 16
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Machine learning model for binary-class classification

Studies have shown that the accuracy of the system is not always notable while solving a
multiclass classification problem. Conversion of the multiclass problem into a binary-class
problem is one of the solutions recommended by researchers (Hassan et al. 2018). For this
conversion, Q1 and Q2 were set under a single class label named class 1, i.e., a set of high-
ranking journals. Whereas class O is used for representing the instances of Q3 and Q4,
i.e., set of lower-ranking journals. After this conversion, the machine learning models were
applied on the dataset and were trained with respect to the altmetric mentions displayed in
Table 4, which include Blogs mentions, Facebook mentions, News mentions, Policy men-
tions, Twitter mentions, and Wikipedia mentions. Table 7 shows improved results com-
puted for binary-class classification. We observed quite significant improvements in pre-
cision, recall, F-measure, and accuracy scores. In the case of AJG18, SVM and LR had
performed with 66% accuracy. Similarly, for JCR and SNIP indicators SVM and shows
71% and 77% accuracy scores, respectively. Thus, the results have shown that altmetrics is
an authentic and reliable medium to classify quality tiers (AJG, JCR, and SNIP).

Feature importance through ExtraTreeClassifier

Finally, to test the effectiveness of each feature in the classification of quartiles, we used
ExtraTreeClassifier (EC), which computes the feature importance also known as Gini
importance. The entire sample was used in training and random splits were drawn for each
of the randomly selected features, after which the best split among those was chosen. For

Table 7 Binary-class Ranked outlets AIGIS (%) ICR (%) SNIP (%)

classification results of ML

models Multinomial Naive Bayes
Accuracy 51 48 50
Precision 61 59 59
Recall 59 59 61
F1-measure 51 48 49
SVM
Accuracy 66 71 77
Precision 65 35 76
Recall 50 50 50
Fl-measure 40 41 44
Logistic regression
Accuracy 66 71 77
Precision 62 35 80
Recall 51 50 50
Fl-measure 41 41 44
Random forest
Accuracy 65 70 76
Precision 57 57 57
Recall 52 51 50
F1-measure 47 45 45
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each tree, the importance is computed from the impurity of the splits, with higher value
corresponding to more important features. Table 8 shows the performance of the individ-
ual features. Our results indicate that the following features are most informative and are
also aligned with the classic bibliography for the classification of quartiles against AJG,
JCR, and SNIP: Policy mentions—F4, Twitter mentions—F35, Total mentions—F7, Blogs
mentions.

Discussion and policy implications

To predict the likelihood of a research article being classified into the respective ranked
outlet based on altmetric score and to check the authenticity and reliability of altmetrics
in classifying the quality tiers, this study implements four classifiers namely: Multino-
mial Naive Bayes classifier, Random Forest classifier, Logistic Regression Classifier and
Support Vector Machine classifier. SVM and Logistic Regression gives the best results in
classifying the quantitative tier SNIP with 77% accuracy using altmetrics data. With 71%
accuracy, SVM and Logistic regression also perform well on classifying the quantitative
tier JCR using the altmetrics data. The AJG18 is classified with an accuracy of up to 66%
which demonstrates that the ML models have performed much better in classifying the
citation-based quantitative ranked outlets than the expert-based qualitative outlet. The alt-
metrics is based on crowdsourcing while AJG ranks depend upon expert opinion, and the
results indicate that the ML models have classified the AJG ranks with less accuracy than
the quantitative outlets (JCR and SNIP) which reveals that the expert opinion is not aligned
with the crowdsourcing. Thus, the results shown in Table 7 demonstrate that altmetrics is
an authentic and reliable medium to classify the quality tiers of AJG, JCR and SNIP.

Policy mentions and Twitter mentions are extracted as the most significant features for
the classification of quartiles as both exists in over 5% of the data, as shown in Table 4.
Moreover, Table 8 also demonstrates that policy mentions and Twitter mentions, along
with the total mentions and blog mentions, are the most informative and significant fea-
tures. The research being used in policy mentions is less likely to be tweeted. This dem-
onstrates that policy documents are an important outlet to investigate the broader impact
of many research areas. These findings might be helpful for the community, which aims to
discover the relationship between the altmetric mentions and the classic bibliometric indi-
ces and to recognize the usability and significance of altmetrics features for the prediction
of future citations.

Table 8 ExtraTreeClassifier

Score (ES) of features for AJG, Features ESaig ESicr ESsnip

JCR and SNIP Policy mentions—F4 0328 0371 0335
Twitter mentions—F5 0.195 0.199 0.213
Total mentions—F7 0.145 0.182 0.155
Blogs mentions—F0 0.115 0.098 0.098
Facebook mentions—F1 0.080 0.051 0.083
Wikipedia mentions—F6 0.073 0.043 0.057
News mentions—F3 0.048 0.044 0.044
Googleplus mentions—F2 0.017 0.013 0.015
All features (FO-F7) 1.0 1.0 1.0
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This study is limited by the data coverage of altmetric. We have used JCR and SNIP for the
classification of the quantitative outlets in this study since citation information is not available
on Altmetric.com. Thus, the next step could be to combine the data with citation data, so this
study can be extended to improve the accuracy of the proposed system by training the data-
set on other machine learning classifiers with different feature sets. Besides, there could be a
language issue, since, in this study, we focus on policy documents, which often are written in
other languages than English. This limits the data coverage since altmetrics mainly includes
English records. Finally, it is difficult to track policy citations since the reference praxis of
policy documents not as standardized as academic references and, therefore, harder to track.

Concluding remarks

This study examined 332 economics journals’ publications usage on social media. In this
study, a specific set of features are used to track the online attention of scholarly publications
and to build classifiers. The results show that altmetrics is an authentic and reliable medium
to classify quality tiers (AJG, JCR, and SNIP). The first part of this study demonstrates how
policy mentions can help in showing the broader impact of economics, where a large share of
the mapped publications has at least one policy mention. These results correspond to the find-
ings by previous research on policy mentions (Haunschild and Bornmann 2017; Tattersall and
Carroll 2018). This study also confirms that research publications from economics compared
to other business associated social science fields have a greater tendency to be applied in poli-
cies. The publications published in higher-ranking economic journals have a greater tendency
to be used in policies than publications from lower-ranking journals.

Moreover, there is a positive relationship between most of the altmetrics indicators and
the journal ranking. Thus, only Facebook has a negative correlation with the journal rank-
ings. The positive relationship could be because of the greater visibility of the higher-ranking
journals among government officials and other researchers, but it could also be due to other
characteristics of the publications such as research focus and methods, the number of authors
or author’s affiliation. Policy mentions and Twitter mentions are presented as the most signifi-
cant and informative social media mentions along with Blogs mentions, Facebook mentions,
Wikipedia mentions, and News mentions.

The next step is to further explore whether some article characteristics could be related to
greater social media visibility. What are the dominant topics in policy documents, and do they
differ from other altmetrics sources? In addition, the relationship between altmetric indicators
and other bibliometric indicators for economics should also be further explored.
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