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ABSTRACT
During the past two decades the availability of scholarly data repositories such as Google Scholar, Elsevier Scopus offered tremendous
opportunities to the field of scientometrics to analyze the dynamics of science and help design indicators to evaluate the scientific
impact of scholars, journals and academic institutions. Thus, scientometrics transformed fast into the exciting new discipline of
Science of Science, which seeks to understand, quantify and predict research activities and the corresponding outcomes. In this
article we provide a brief coverage of very recent work related
to scientific ranking and impact prediction, aim at deepening our
faith to Science of Science and stimulating further efforts in this
transdisciplinary field.
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1

MEASURING MODERN SCIENCE

It is common ground that modern science progresses in a very
rapid and much different way that it used to during the past few
decades. A significant factor that facilitated this evolution is the
development of digital infrastructures for the storage and dissemination of scientific results. These infrastructures record a variety of
metadata related to science ‘products’ (i.e., patents, articles), such
as their creators and the affiliations of them, their impact as a
function of time, their funding and so on. The easy, immediate
access – e.g., from one’s desktop computer – to this wealth of
information created a growing wave of interest to methods for
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analyzing this vast amount of data. This interest was strongly motivated by the growing need to develop automated methods for
evaluating (ranking) entities related to the ‘production’ of science.
The main such entities are individual scientists, publication fora
(journals, conferences), organizations (universities, research institutions) or even specialized academic programs such as doctoral
studies. These rankings are used for decision support when it comes
to hire or promote academic personnel, to allocate grants, to choose
universities for undergraduate or graduate studies, to select to which
journal to submit to scientific work, and so on.
The availability of these voluminous scholarly data and the development of computerized analysis methods are driving the area
of Science of Science (SoS), which seeks to understand, quantify
and even predict research activities and the corresponding outcomes [7, 38]. Even though Science of Science (SoS) draws concepts
and methodologies from scientometrics, informetrics, network science, sociology, we can somehow consider it as a dramatic evolution of Scientometrics, which studies the impact of publications,
researchers, journals and tries to model the scientific collaboration,
to establish concrete comprehension of innovation and predict future evolution of science. If we try to provide a synopsis of what
is modern scientometrics about, then we would list the following
topics:
• (Static) Data: scientific publication data, funding data, patent
data, collaboration network data, citation network data.
• (Dynamics of) publications/citations/collaborations: preferential attachment growth, aging effect, sleeping beauties,
team formation/assembly.
• Scientific significance: citation measures, spectral centralities measures, scientist/journal/university/country ranking,
credit allocation.
• Prediction in science: impact prediction, link prediction.
• Success in science: interdisciplinary research, funding, collaborators.
• Innovation and knowledge diffusion: patents, co-authorships,
researchers mobility.
This article aims at presenting recent progress in scientometrics,
in particular from the perspective of measuring and predicting scientific impact (third and fourth bullets). The rest of this article is
structured as follows: Section 2 will briefly cover the issues and advances in quantifying scientific significance; Section 3 will survey
the topic of predictive modeling in science, and finally Section 4
will conclude this article.

2 QUANTIFICATION OF SCIENTIFIC IMPACT
Quantification of scientific impact concerns individual articles, scientists, journals, study programs, institutions, and whole countries.
Almost all these impact measurement methods are based on the
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evaluation of the impact of individual articles which are related
to the entity being evaluated. Therefore, we will focus on article’s
impact quantification methods and we will present the most established methods and also some recent promising techniques.
A straightforward way to measure impact is by merely counting
number of received citations. The famous Impact Factor [9] and
its Scopus’ alternative CiteScore index are estimators of the average impact of an article published in a specific journal measured
during a time window (two years for the IF versus three years
for CiteScore). IF-type of indicators are the basis for evaluating
journals, and they are used by librarians to decide subscriptions,
or perspective authors to submit their works. Newer methods have
been based on centrality measures; for instance, Scimago Journal
Rank 1 (SJR) is based on the famous PageRank spectral centrality [17] and it accounts for both the number of citations received
by a journal and the importance or prestige of the journals where
such citations come from.
Naive measures for scientists’ performance quantification include the number of published articles, number of citations received,
average number of citations per published article, and so on. A significant deviation from that line of indicators was the introduction
of the now famous h-index [13]; h-index is actually a proxy for
both productivity and impact, and lower bounds the total number
of citations received by a scientist. h-index was the first indicator
in a row of many similar in spirit indices, such as our own contemporary h-index [26], f index [14], Perfectionism index [27], the
fractal-based index [11], and the skyline-based indicators [25, 30].
The observation that author centrality in collaboration networks
is strongly correlated to author impact led to proposing the estimation of author impact by applying variations of (personalized)
PageRank such as the AuthorRank [18]. All the aforementioned
indicators treat the citation network as a single layer network.
Recently, network science introduced novel network types with
richer modelling capabilities, where the interacting entities are assumed to belong to more than one network, called layer. These
networks are called multiplex [6], multisliced [19], multilevel [33],
interdepedent [5], or in general multilayer [4, 16]. Despite the fact
that this modeling approach offers huge potential to better exploit
articles’ metadata, only a handful of works addressed the issue of
developing scientometrics indicators for multilayer networks. AuthorPaper rank (APrank) index [40] – similar to the idea of Hyperlinked Induced Topic Search (HITS) algorithm [17] – interweaved
paper and author quality into a recursive definition: a paper is of
high quality if it is cited by prestigious scientists and that highquality papers raise the prestige of their authors. Another notable
effort is the P-Rank [36]. Observing that none of these methods
employed native spectral centralities for multilayer networks as
impact indicators, we proposed the use of Biplex PageRank [21] to
measure scientist’s impact. In that context, we introduced a new
index, namely C 4 -index [24] aiming at identifying scientists with
the most outstanding articles, while at the same time paying attention to their consistent focus on producing excellent results and
also showing the biggest potential. There are even proposals for
extending h-index for multilayer networks, the so-called Minimallayers PCI [3].
1 https://www.scimagojr.com/
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With respect to ranking instritutions, there exist three well-respected lists, namely ARWU2 , The Times Higher Education3 , and
QS World University Rankings4 . These ranking systems take into
account apart from citations per faculty, the graduate employability, faculty/student ratios, proportion of international faculty, etc.
Finally, there exist efforts to rank university doctoral programs.
Ranking lists for this purpose based on peer review are highly reputable for the USA education system, i.e., the US News ranking of
computer science doctoral programs5 . Recently, a study developed
a computerized methodology for the same goal, i.e., produce rankings of doctoral programs [31]. The ranking results of this methodology correlated strongly with that of peer assessment, using a new
h-index variant, namely the t10-index which is simply the number
of citations of a faculty member’s 10-th most cited paper. Similar
efforts but at a smaller scale employed scientometrics indices to
evaluate the impact of PhD graduates of departments of computer
science/engineering of Greek universities [15].

3 IMPACT PREDICTION IN SCIENCE
Forecasting future impact of a scientist is a very interesting problem because it allows for making effective hiring/promotion decisions and research fund allocation. Impact prediction has mainly
focused on paper citation prediction. Since a citation network is an
always expanding network, theories developed for network growth
in the context of network science have been used to attack this prediction problem. The famous preferential attachment model along
with linear extrapolation was applied [39] for citation prediction.
The accuracy of that model was good for the short term, because
fast aging of papers and diversity in their quality turned it inadequate for the long term. In a famous paper [32], a preferential
attachment model along with fitness and aging parameters was
introduced that exhibited extraordinary prediction accuracy.
Scientist impact prediction is a more complicated task because
there exist proposals for several hundred scientometric indicators
and even though they are based on the standard impact measure,
i.e., citations, only a couple of them have gained acceptance by the
scientific community. The h-index – despite the critique against
it [37] – seems to have gained adequate acceptance. Thus, several
works attempted predicting future h-index; the first work was that
described in [2], which developed a linear regression model and established a set of equations (Equations 1–3) for predicting h-index
value for one, five and ten years ahead, based on the following
parameters: n is the number of articles written by the author, h
is the current h-index of the author, y is years since the author
published the first article; j is the number of distinct journals in
which the author has published, and q is the number of the author’s
top journal articles.
√
(1)
h +1 = 0.76 + 0.37 n + 0.97h − 0.07y + 0.02j + 0.03q
√
(2)
h +5 = 4 + 1.58 n + 0.86h − 0.35y + 0.06j + 0.2q
√
(3)
h +10 = 8.73 + 1.33 n + 0.48h − 0.41y + 0.52j + 0.82q
2 http://www.shanghairanking.com/
3 https://www.timeshighereducation.com/
4 https://www.topuniversities.com/qs-world-university-rankings
5 https://www.usnews.com/best-graduate-schools/top-science-schools/computerscience-rankings
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Subsequent research work questioned the validity of these equations [8, 22]. A more successful prediction model was developed
in [28] based on the earlier model in [32]. However, the main conclusion of these and of contemporary works is that it is pretty
difficult to make predictions for young scholars for the long term.
This is a disappointing result since this is exactly the essence of
the scientist’s future impact prediction problem.
More recent works focused on predicting rising stars [20], on
incorporating the identify of early citers into the estimation of
future impact [29], or providing more elaborate machine learning
models for performance prediction [10, 34, 35].
In recent years, deep artificial neural networks [23] have won
numerous contests in pattern recognition and machine learning.
These neural networks equipped with powerful training algorithms
developed in the context of deep learning [12] and trained with
huge volumes of data have started to be used as tools for long term
citation prediction [1]. Despite the fact that simple feedforward
neural networks are not able to realize in an effective manner the
input sequence order resulting in less prediction accuracy, recurrent neural networks are far more promising alternatives.

4

CONCLUSIONS

The deluge of scholarly data offers unprecedented opportunities
for identifying the drivers of modern science, for studying career
paths of scientists, and for measuring research performance. These
massive data and analysis methodologies created tidal effects to
modern scientometrics transforming it into a whole new field named
Science of Science. In this article, we provided a comprehensive
coverage of recent advances in SoS related to impact-based ranking
indicators and to impact prediction. We recognized fertile research
work in the boundary of scientometrics and network science in
terms of exploiting multilayer Scientometrics networks, and in the
boundary between scientometrics and machine learning in terms
of applying deep learning algorithms for impact prediction.
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