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Abstract

Epigenetics, one of the most rapidly intensifying fields of biological research, explores
inheritable gene expression not governed by alterations in the DNA sequence. This article
analysed the literature on epigenetics published between 2009 and 2017 using qualitative
and visualisation techniques. The data were drawn from Clarivate Analytics’ Web of Sci-
ence Core Collection in January 2018. CiteSpace V software was used to establish an intel-
lectual overview, based on 13,295 scientific articles and review papers. Document co-cita-
tions were analysed and a variety of graphics was created. The aim was to define the scope
of the field and identify its constituent specialities with automatic procedures based on the
keywords and titles in the citing articles in the clusters identified. Ten subspecialities were
identified. Field core papers were defined from the co-citation findings, Kleinberg’s burst
detection algorithm and the structural variation theory metrics calculated for all the articles
selected. The findings can be used to acquire an in-depth view of the patterns and trends in
place in the domain and identify innovative and potentially transformational studies.

Keywords Epigenetics - Co-citation analysis - Structural variation theory - Core
documents - Knowledge domain - CiteSpace

Introduction

Biomedical research in the field of epigenetics has intensified substantially over the last
10 years and is currently a hot topic not only for understanding cellular and molecular
processes, but also for biomarker design, disease prediction and the development of bio-
technological tools for agro-ecology. The popularity of the domain is attributable both
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to those advances and to the publication of seminal studies that revealed promising links
between genetic mechanisms and environmental factors, mediated by epigenetic pro-
cesses. Nonetheless, the complexity of these mechanisms and their relationship with the
broader laws of genetics has spawned misunderstandings and criticism around the use of
the term ‘epigenetics’, or even the mechanisms so labelled.

The word ‘epigenetics’ appeared very early in the history of human science: Aris-
totle used the term ‘epigenesis’ to describe the development of a fertilised egg into a
whole, differentiated organism. That idea stood in contrast to preformation, according to
which all adult structures are present in the embryo, albeit in microscopic dimensions.
Many centuries were needed to fully rule out preformation and establish epigenesis as
the process governing embryonic growth. That may explain why it was in developmen-
tal biology, which studies the post-fertilisation biological changes involved in growth
from the molecular to the whole organism level, where the term epigenetics acquired
its modern meaning. In 1942 Conrad Hal Waddington coined the term ‘epigenetics’
to define the layers of regulation that link the cellular differentiation in a developing
embryo to genetic changes dependent upon the environmental conditions prevailing in
its cells (Waddington 2012). Further to that definition, irrespective of genomic informa-
tion, external stimuli would govern cellular differentiation, a key process in determining
the features that afford cells their specificity.

Epigenetics, which literally means ‘over genetics’, was soon used to define any
change in genetic expression that could be inherited by cells, regardless of the infor-
mation contained in the DNA sequence. That definition has since been restated, rang-
ing from a ‘stably heritable phenotype resulting from changes in a chromosome with-
out alterations in the DNA sequence’ (Berger et al. 2009) to ‘heritable changes in gene
activity and expression (in the progeny of cells or of individuals) and also stable, long-
term alterations in the transcriptional potential of a cell that are not necessarily herit-
able’ (Bernstein et al. 2006). The development of epigenetics as a discipline has met
with a number of issues, however, and the claim that epigenetic marks can be inherited
in humans has proven to be particularly controversial (Nagy and Turecki 2015). Hence,
a clear definition of what is and what is not epigenetics, or with a methodological twist,
which specific biological processes can be contextualized and clearly delimited within
the discipline, is imperative to understanding its scope.

Biomedically speaking, research in epigenetics has shown that epigenetic marks and
the activity of their regulators constitute very useful trackers of cellular, especially path-
ological, activity. Epigenetic parameters have prompted revolutionary progress in fields
such as biomarkers (Garcia-Gimenez et al. 2017), disease prediction (Feinberg 2018)
and drug design, and have proven particularly significant for the study of cancer biol-
ogy (Agrawal et al. 2018; Bai et al. 2018), ageing (Gangisetty et al. 2018), and neuronal
behaviour (Holmes 2018). Epigenetic regulation also informs promising strategies in
ecology geared to understanding the effects of climate change on biodiversity and in
agriculture to improving breeding systems (Jeremias et al. 2018; Ramirez-Prado et al.
2018). In this context, there is a clear need for a comprehensive, chronological and con-
ceptual bibliographic study of the use of epigenetics and the relationships among key
studies in which epigenetic terminology is present. This article aims to identify the hot
topics in epigenetics research today and explain the role of the discipline in scientific
advancement.

This study aims to provide an overview of the most recent core papers published on
epigenetics in general, worldwide. The research questions (RQ) posed are as follows.
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(1) RQ: Globally speaking, what areas and sub-areas comprise the research core in epige-
netics?

(2) RQ: What is the overall citation structure exhibited by the papers published on epige-
netics in the period studied?

(3) RQ: What research topics are addressed and how are they structured? Which papers
form part of the intellectual base and which of the research front?

(4) RQ: Which papers have attracted intense researcher attention and for how long were
they deemed ‘hot topics’?

(5) RQ: Which recent papers contain transformational potential?

Related studies

With the diversification and restructuring of scientific communication, the rigorous, trans-
parent and reproducible tracking of scientific literature and findings in a given domain
is becoming increasingly difficult. Traditionally, scoping or systematic reviews were
conducted of the literature on a given area of knowledge. Scoping reviews entail broad
exploratory searches of the literature relevant to a domain to establish its key character-
istics (Arksey and O’Malley 2005). Their implementation is complex, however, among
others because filtering the enormous and exponentially growing datasets and volumes of
literature published is time consuming (Bell et al. 2009; van Noorden et al. 2014; Born-
mann and Mutz 2015). The sub-fields of biology, where the number of papers has doubled
every 15 years on average (Milojevic 2015), are no exception to that trend (Pautasso 2012).
The time required to write up a report of scoping review findings may range from 6 to
12 months (Pham et al. 2014).

Science mapping is a generic process for analysing and visualising areas of knowledge
by retrieving and processing a given corpus of scientific literature. The techniques involved
are borrowed primarily from computer science, metric studies on science, data and infor-
mation visualisation, visual analytics and network science (Borner et al. 2003). The find-
ings are varied and depend on the scale of the analysis. They enable scientists to identify
other groups of researchers, measure the impact of their own papers (Borner et al. 2005),
recognise core topics and the references persistently invoked by domain scientists (Boyack
et al. 2009; Glinzel and Thijs 2017) and find possible partners to collaborate in areas of
mutual interest (Boyack 2009). Other dynamic features of knowledge production (Morris
et al. 2003) are likewise analysed. By way of example, journal maps (Leydesdorff et al.
2017a), patents (Leydesdorff et al. 2017b), national trends in the literature on a given topic
stored in bibliographic databases with citation indices (Darvish and Tonta 2016; Rainho
Bras et al. 2017), ground-breaking papers (Zhu et al. 2017), the geographic dissemination
of knowledge (Borner et al. 2006) can be detected and visualised, and global science maps
drawn (Borner et al. 2012; Boyack and Klavans 2014).

With the use of citation analysis and visualisation techniques, researchers or anyone
interested in a given domain can keep abreast of developments in the field of study, find
interdisciplinary papers (Small 2010), synthesise what is already known and identify
research lacunae. Such techniques also afford an overview of the types of authors engaging
in the speciality (Zhao and Strotmann 2014) and a systematic review of an author’s works
(Chen 2017), helping identify priorities, focus research and clarify the terminology used
(Vargas-Quesada et al. 2017). Researchers can thus describe and interpret new problems
that may inform their future research strategies and endeavour (Foster et al. 2015). Such
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computer techniques are designed to provide an additional point of view, but not to replace
the tasks performed by domain experts, which are indispensable.

The paper is organised into sections. The one immediately following describes the data
sources and explains the analytical method and technical procedures used. The findings
geared to meeting the objectives proposed are presented in “Results” section and discussed
in “Discussion” section. The paper ends with the conclusions drawn and perspectives
envisaged.

Materials and methods

The analysis performed here used CiteSpace V free software (Chen 2006), designed over
the last 13 years as a comprehensive tool for the analysis, detection and visualisation of
patterns and trends emerging in the scientific literature. Its design also draws from theories
on the philosophy, history and sociology of science, visual analytics and structural hole
(Burt 2004) and information foraging theory (Sandstrom 1994).

The research fronts and intellectual base for a given speciality (Price 1965) are identi-
fied primarily by drawing maps based on cluster analysis and reference co-citation (Chen
2004). Clustering is a procedure for classifying items into groups (also called classes or
categories) in which the items in a given cluster are more similar to one another in terms of
a pre-defined property than they are to the items in other clusters. Co-citation analysis has
constituted a de facto standard for mapping science since the nineteen seventies (Boyack
and Klavans 2010, p. 2390). In cluster analysis of reference co-citations, two papers are
inter-connected when they are simultaneously cited in a third (Small and Griffith 1974;
Griffith et al. 1974). Research fronts comprise the co-citing papers in a cluster. The collec-
tion of references cited by a given scientific community serves as the intellectual base for
the research front. The connections between a research front and its intellectual base are
established on the grounds of citations (Braam et al. 1991; Persson 1994).

Data collection

The data for the study were downloaded on 25 January 2018 from Clarivate Analytics’
Web of Science (WoS) Core Collection and more specifically its Science Citation Index
Expanded (SCI-EXPANDED). The data were downloaded via online connection to the
Web of Science website through the Carlos III University of Madrid’s library, using the
accesses furnished by the Spanish Foundation for Science and Technology (Spanish ini-
tials, Fecyt). WoS downloads are subject to a ceiling of 500 records. The total number was
downloaded by successively selecting the ‘full record and cited references’ option, in ‘plain
text” format for subsequent analysis and visualisation.

The fields included in the records downloaded were as follows: FN File name; VR Ver-
sion Number; PT Publication Type; AU: Authors; AF: Authors Full Name; TI Document
Type; SO Publication Name; LA Language; DT Document Type; DE Author Keywords;
ID Keywords Plus®; AB Abstract; C1 Author Address; RP Reprint Address; EM E-mail
Address; RI ResearcherID Number; OI ORCID Identifier; CR Cited References; NR Cited
Reference Count; TC Web of Science Core Collection Times Cited Count; Z9 Total Times
Cited Count (Web of Science Core Collection, BIOSIS Citation Index, Chinese Science
Citation Database, Data Citation Index, Russian Science Citation Index, SciELO Citation
Index); Ul Usage Count (Last 180 Days); U2 Usage Count (Since 2013); PU: Publisher; PI
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Publisher City; PA Publisher Address; SN International Standard Serial Number (ISSN);
EI Electronic International Standard Serial Number (eISSN); J9 29-Character Source
Abbreviation; JI ISO Source Abbreviation; PD Publication Date; PY Year Published; VL
Volume; IS Issue; BP Beginning Page; EP: Ending Page.

This essential database of selected journals that meet very demanding editorial stand-
ards can be used to obtain citation-based quantitative indicators. It presently covers around
12,700 publications (Testa 2009). Pubmed was ruled out as a data source because the lack
of information on references cited renders the records unusable for some of the node types
analysed here, such as references cited, authors cited, or journals cited.

Given that the aim of this study was to review the global intellectual structure of the
most recent epigenetic research, the records were downloaded using a simplified search
strategy in which the term ‘epigenetics’ was defined in the “Topic’ field. Term searches in
that field performed simultaneously searches in the fields ‘Title’, ‘Abstract’, ‘Author Key-
words’ and ‘Keywords Plus’ (fed by an algorithm that draws words or phrases frequently
appearing in the titles of the articles included in the references but not necessarily in the
title or the ‘Author Keywords’ of the article in question (Garfield and Sher 1993). This
search strategy was broad enough to be used in science mapping with the method selected.
Other parameters defined for the search strategy included the timeframe (2009—2017), cho-
sen because a prior research note covered a period ending in December 2008, (Clarivate
Analytics 2009); document type (articles or reviews only); and language (English).

Procedures and visualisation
Research questions 1 and 2

Two procedures were deployed in the generic visualisation of epigenetics categories. Co-
occurrences of the topic categories assigned by Web of Science to journals and hence to
the papers published in them were used to form a network. Those categories or topics are
assigned by WoS based on a number of criteria, including journal relationships based on
inter-citations calculated by undisclosed algorithms (Pudovkin and Garfield 2002). Each
subject category covers journals addressing the same field of research. Subject categories
are defined at the journal, not at the individual paper level. Co-occurrence links intercon-
nect the subject categories of the journals publishing the papers concerned. Coincident
inter-category links among journals publishing such papers is an empirical sign of topic
affinity. The higher the frequency of coincidence, the greater is the weight of the link in the
network of subjects generated. WoS subject categories can also be used to draw scalable
topic maps (Leydesdorff and Rafols 2009; Leydesdorff et al. 2013a; Hu and Zhang 2017).
This analysis used the categories to which the SCI-Expanded journals publishing papers on
epigenetics in the period studied were assigned.

An overall map of citation patterns was drawn for the epigenetic papers compiled, i.e.,
for both the citing papers and for the papers cited in the dataset. Dual map overlays were
used for this purpose (Chen and Leydesdorff 2014).

Research question 3

The choice of the right method and best design to display representative data and
reduce the complexity of the original dataset is a problem routinely faced in science
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mapping. Here, as the procedure was intended to detect epigenetic specialities, the
method consisted in analysing reference co-citation clusters.

The records were sub-divided sequentially by consecutive years. The criterion for
selecting the papers to be represented was a g-index (Egghe 2006) threshold value in
the yearly records, based on the distribution of citations received by each paper. Given
a set of papers ranked in decreasing order of the number of citations received, the
g-index divides the set into two groups. The index is the largest number such that the
top g articles together account for at least g> citations. The references published in
a given year and meeting the g-index criterion after applying a constant correction
factor, k=5, were used to calculate the reference co-citation values. The k value was
defined to select the largest number of highly cited papers for the analysis (Costas and
Bordons 2008).

The co-citation values for each yearly network were normalised using the cosine index
(Leydesdorft 2008). The clusters for all the years were then re-mixed to form a single net-
work covering the entire period and compute the design. The network graphic consisted in
nodes (the co-cited papers) and edges (co-citation links). To avoid edge overload, redun-
dant edges were pruned from the network with the Pathfinder algorithm, which retained
only the most prominent links (Schvaneveldt et al. 1989). The nodes in the resulting net-
work were distributed spatially with the Kamada—Kawai algorithm (1989). The parameters
used to divide the records by years, select records with the g-index and constant k, prune
with Pathfinder and visualise with the Kamada—Kawai algorithm were the same as used for
the subject category co-occurrence network.

Non-overlapping spectral clustering was used to generate the co-citation clusters
(Ng et al. 2002). Cluster quality was measured with silhouettes (Rousseeuw 1987).
Clusters were automatically labelled using the log-likelihood ratio (LLR) (Dunning
1993), applied to the universe of keywords in the citing articles in the respective clus-
ters. Both the keywords defined by the authors and those assigned by the Web of Sci-
ence were used. Latent semantic indexing (Deerwester et al. 1990), a second labelling
method applied, retrieved terms from the titles of the citing articles.

The papers in the co-citation network assigned to each cluster had associated struc-
tural and time-based values. Betweenness centrality is a structural measure (Brandes
2001). As nodes with high betweenness values in a co-citation network tend to form
bridges inter-connecting different topic communities, they hold the potential to expand
the domain’s intellectual limits (Chen 2005). A second measure associated with nodes
is sigma, a metric that combines the value of a structural measure, betweenness in
this case, with a time-related node property, burst strength or inter-pair recognition. It
quantifies the co-cited references in terms of scientific originality (Chen et al. 2010).

Research question 4

Burst detection, the technique used, establishes the frequency with which a given ele-
ment grows relative to a similar element in a short period of time (Mane and Borner
2004). Here it was used to determine the maximum duration and degree of citation
intensity for a given reference, thereby identifying the papers with a sudden increase
in the number of citations over a 4-year period. Those references were defined as the
landmark papers for the hot topics comprising the intellectual base of the domain stud-
ied. Kleinberg’s (2002) algorithm was used to detect such bursts.
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Research question 5

One intrinsic difficulty in co-citation analysis is that it fails to detect recently published
papers in the co-citation clusters. The potential of a recently published article to alter
the intellectual structure of the discipline existing prior to its publication can be deter-
mined, however. It is computed from the degree of structural change introduced by the
article in the pre-existing intellectual domain by establishing new and unexpected con-
nections that expand its borders (Chen 2012).

In this case, articles with such potential value were identified by calculating struc-
tural variation measures: modularity change rate (MCR), cluster linkage (CL) and the
change in the distribution of betweenness values relative to the pre-existing distribution
in the network in which the new paper is included (CLg; ). The structural variation val-
ues were calculated based on reference networks consisting in a moving window for the
2 years prior to publication of the new article.

Results
Basic data statistics

A total of 13,295 bibliographic records (articles and reviews) and 421,342 associated
references were retrieved. These two datasets comprised the knowledge space analysed.
The number of records downloaded by year of publication is graphed in Fig. 1. Output
in papers on epigenetics rose from 649 in 2009 to 1980 in 2017, with 60% of the publi-
cations appearing in the last 4 years of the period. Steep inter-annual growth was clearly
perceptible throughout the period studied (R>=0.982).
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1500
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1000

750

Number of publications

500
250
0
2009 2010 2011 2012 2013 2014 2015 2016 2017
—¥—records 649 878 1110 1345 1601 1868 1901 1962 1980

Fig.1 Papers on epigenetics retrieved from the Web of Science, 2009-2017 (red line=power trendline).
(Color figure online)
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RQ 1 and 2: overview of the core corpus in epigenetics

The topics addressed in epigenetics papers from 2009 to 2017 can be visualised in the
form of a pruned network of co-occurring subject categories (Fig. 2). Each category
refers to a topic associated with the journals in the WoS database. The analysis iden-
tified 178 topics and 250 edges, constituting the largest inter-connected network. The
labels are written over the circles in the map. The size of each circle is proportional
to the number of papers attributed to the respective category. Node colours denote
the range of years of occurrence while purple outlining is an indication of prominent
betweenness centrality.

Subject categories represented the highest level of the speciality. Table 1 lists the
first 20 Web of Science categories associated with the dataset. The table also gives the
cumulative number of papers under the category, the betweenness value and the year of
first occurrence in the dataset. The six highest ranking categories were: biochemistry
and molecular biology, genetics and heredity, oncology, cell biology, neurosciences and
neurology and neurosciences.

Of the top 20 categories, chemistry had the most significant betweenness value
(0.18), denoting its influence on the dissemination of ideas in epigenetics.

The map in Fig. 2 and the data in Table 1 identify the most significant topics and
elementary relationships in epigenetics, affording non-experts a preliminary view of the
subjects generally addressed in the field.
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Fig.2 Pathfinder-pruned network of co-occurring Web of Science subject categories for epigenetics
(nodes = subject categories; edges =co-occurrence of subject categories in papers; label size proportional to
node size; only categories with >24 counts shown)
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Table 1 Top 20 subject categories in the dataset

Frequency Centrality First occurrence WoS category

2509 0.05 2009 Biochemistry and molecular biology
1864 0 2009 Genetics and heredity

1629 0.02 2009 Oncology

1483 0.04 2009 Cell biology

1140 0.05 2009 Neurosciences and neurology

1002 0.07 2009 Neurosciences

935 0 2009 Pharmacology and pharmacy

626 0.02 2009 Science and technology—other topics
590 0 2009 Multidisciplinary sciences

577 0.07 2009 Endocrinology and metabolism

555 0 2009 Biotechnology and applied microbiology
516 0.01 2009 Research and experimental medicine
500 0.17 2009 Immunology

402 0.02 2009 Developmental biology

393 0.18 2009 Chemistry

381 0.02 2009 Toxicology

337 0 2009 Psychiatry

326 0 2009 Biophysics

320 0.02 2009 Reproductive biology

The dual map overlay in Fig. 3 shows the papers published from 2009 to 2017 based
on an epigenetic topic-based search. It depicts the citation trajectories of the 2536 journals
publishing the epigenetic papers analysed in the dataset. It shows the location of the cit-
ing journals (citing view, left) and the pathways toward the communities of cited journals
(cited view, right). The origins, pathways and destinations are overlain on a basic global
map representing the communities of journals listed in the Web of Science (Leydesdorff

Fig.3 Dual map overlay of epigenetics literature based on 2536 journals
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et al. 2013b; Blondel et al. 2008). The > 10,000 points on the map that represent the jour-
nal communities provide the context for perceiving the citation pattern in epigenetic jour-
nals (Chen and Leydesdorff 2014).

In epigenetics, the citing literature was found in primarily two communities of journals.
The first was labelled ‘Molecular biology, Immunology’ (orange line on the left side of the
map) and the second ‘Medicine, Medical, Clinical’ (lime green curve on lower left). The
citation curves springing from these two areas on the left flow toward areas on the right,
where the cited topics are represented. The orange line is sub-divided in two, indicating
that some of the molecular biology and immunology papers cite different groups of jour-
nals: one dealing with genetics and the other with heath, nursing and medicine. The main
trajectories between source and target citation communities are given in Table 2, sorted
by z-score value in descending order. Z-score is distance from the mean of a data point,
expressed as the number of standard deviations. Line thickness (Fig. 3) is proportional to
the z-score value.

RQ 3: landscape of epigenetic specialities

The network of co-cited paper clusters, representing inter-related specialities from 2009
to 2017, is shown in Fig. 4. The 1135 references meeting the modified (k=35) g-index
criterion were retrieved to create a network for each year, which was subsequently con-
densed. The condensed network contained 425 references and after pruning, 858 edges.
The component with the largest number of edges contained 414 references. The network
had ten clusters and at 0.704, a high modularity, indicating that the epigenetic specialities
described in this study were well defined in terms of the features of the co-citation clusters.
The colours in Fig. 4 signify the date when the co-citation links were established. The yel-
low areas were older (#0, #1, #2, #3) than the pink, which were older than the red (#4 and
#5). The cluster labels in Fig. 4 were drawn from the keywords in the citing articles using
log likelihood ratio techniques.

RQ 3: timeline

A timeline of yearly fluctuations in research specialities is reproduced in Fig. 5. Here
each cluster of references is positioned on a horizontal line, labelled on the right.
The clusters are ranked by number of references in descending order. The coloured
curves are citation links appearing in the year represented by the colour at issue (more
recent=ochre and yellow, less recent=purple and violet). The references are shown
as circles, with the colours identifying structural properties. Red nodes contain refer-
ences with high burst values while violet outlining denotes high betweenness values.

Table 2 Subject areas of citing and cited journals in epigenetics

Areas, citing journals Areas, cited journals z-score
Molecular biology, immunology Molecular biology, genetics 11.492
Medicine, medical, clinical Molecular biology, genetics 3.326
Molecular biology, immunology Health, nursing, medicine 1.978
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Fig.4 g-index-generated land-
scape of the core network of co-
cited references in epigenetics,
2009-2017 (labels drawn from
keywords in citing papers using
the log-likelihood ratio)

#5 aging

#1 transgenerational

#6 dna methylatidtd twins SY—e—

#3 ovarian Canga's. hydroxymethylcytosine

A \ 5
=T ., #2amygdala
#8long noncoding rna

< >
#0 chromatin &% \ >

#0 chromatin
#1 transgenerational
#2 amygdala
#3 ovarian cancer
. #4 ezh2
. #5 aging
#6 dna methylation

#7 5-hydroxymethylcytosin:

#8 long noncoding rna

#9 twins

Fig.5 Horizontal timeline of research specialities (labels drawn from keywords in citing papers using the
log-likelihood ratio). (Color figure online)

The nodes combining the two features are deemed to be of particular interest. The most
prominent papers have a larger diameter, in keeping with their higher co-occurrence
rate.

Two characteristics are instrumental to understanding the clusters. The first is dura-
tion and the second ongoing activity. The graph identified the longest lasting speciali-
ties to be #0 chromatin, #1 transgenerational, #2 amygdala and #3 ovarian cancer, all
of which are presently inactive, after 11 (#0), 13 (1# and #2) or 10 (#3) years of activ-
ity. Specialities #4 (ezh2), #5 (ageing), #7 (5-hydroxymethylcytosine) and #8 (long
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noncoding RNA) were found to be the most recent and active, as attested to by the inter-
and intra-citation arcs connecting the clusters and the existence of red circles, denoting
citation bursts.

Speciality details are listed in Table 3, where cluster quality is measured in terms of
the mean silhouette value. The higher that value, the more distinctly defined is the clus-
ter. Cluster #1, for instance, had a silhouette value of 0.845, denoting high definition,
although all the clusters exhibited sufficiently high values. Two procedures were used to
label each cluster: (a) retrieval of keywords from the citing articles using the log likelihood
ratio (LLR); and (b) retrieval of terms contained in the citing articles with latent semantic
indexing. The numerical value for each label denotes either the likelihood ratio or statisti-
cal significance. The mean year is the average of the publication dates for the references
comprising the cluster.

RQ 3: key specialities

Cluster #0, labelled ‘chromatin’ or ‘chromatin organization’, was the largest and had a sil-
houette value of 0.79. Its 56 papers dated from 2004 to 2011, with a peak in 2005-2007
(Table 4). All were published in major scientific journals, such as Nature (or its special-
ised titles dealing with cell and molecular biology) and Cell. This cluster consequently
included the foremost reviews and seminal papers that have defined the modern epigenetic
landscape.

The following clusters by size, which varied only narrowly among them, were #1 to
#5. They addressed topics characteristic of epigenetic research, such as the effect of the
environment on and the potential heritability of epigenetic changes (transgenerational epi-
genetics), cancer and the regulation of epigenetic marks involved in cancer growth and/or
treatment (ovarian cancer/ezh2) and ageing. The remaining clusters dealt with more recent
concepts such as the inclusion of hydroxymethylcytosine as a new epigenetic mark (see
next section) or the role of non-coding RNA in epigenetic mechanisms. Clusters #1, #4 and
#5 were of particular interest, given the topics addressed.

Cluster #1, as the set of core references that established the grounds for epigenetic mark
heritability, contained frequently cited papers dating from early domain development. The
paper by Anway (2005), which headed the list with a frequency of 139 and a ¢ value of
6.11, merits special mention. It was one of the first articles on the alterations induced by
toxic compounds in the epigenomes of not one but several generations of laboratory ani-
mals. Although like other M. K. Skinner group studies (some of which were withdrawn
and many others found to be non-replicable) it was controversial, it was among the first to
draw attention to the possible transgenerational effects of pesticides on animals. Given the
controversy surrounding the paper, whether the high citation indexes can be attributed to
the influence of the research itself or to the refutation of the results is difficult to ascertain.

Most of the other papers in the cluster also analysed epigenetic marks in the germline.
A paper by Hammoud et al. (2009) containing a thorough description of methylation
marks in histones located at specific development-related loci wielded substantial influence
(Table 5). Earlier articles in the same cluster had already established the fundamentals for
understanding what would years later be called ‘transgenerational epigenetics’, however:
the two most prominent were authored by Morgan et al. (2005) and Waterland and Jirtle
(2003), which also probed to be a high burst study. Several papers published in 2005-2010
dealt with the role of environmental modifications in mouse epigenetic reprogramming
able to affect the observable phenotype or even drive metabolic change. A paper by Ng

@ Springer



1557

Scientometrics (2019) 119:1545-1574

Surxopur opuUBWIS U,

OnEI PooyI[YI[-30T,

800C (P—HO'T ‘8THSLT) dseasIp [omoq Krojewrureyuy (F—H0'T “$8°CE) SuIMY, 128°0 LT 6
0102 (P=H0'T ‘S0°6SE°TT) VNI SuIpoduoN (t=H0'T ‘€'¥91) VNI Surpoouou Suo] 168°0 9T 8
0102 (P=H0'T "LEH6L°0T) [190 WIS dIUOAIqUIF (y—HO0'T ‘81" L81) ouIsOIAoAyewAx0I1pAH-§ 8TL0 6¢ L
800C (P=H0'T ‘€5°70§8) SIsA[eue uone[Apaw YN 9pim-owouad (P=H0'T °LS'TS) uoneAyew YN 180 8% 9
T10¢ (P—HO'T ‘L6'+888) dSEASIP paje[oI-a5e ‘(P—H0'T ‘TT’LTT) Surede ST8°0 Sy S
110T (P=H0'T ‘96'1£26) dwoudside 1aoue) ‘(P—d0°T '9T°0C1) Tuze €8°0 9% ¥
S00¢ (p=HO0'T ‘L'S1T8) sonouaside 100ue) (#—H0'T “TL'TTI) 190UBD URLIEAQ 908°0 Ly €
(F—=40'T ‘¥1°L6€9T)
800¢ wsTueyoew onouasidy (y=HO0'T ‘9L°LLT) erep3kury 1SL°0 8% 4
800¢ (P—H0'T ‘TE €¥C9) soneuasids [e)uatuoIAu (P—H0'T ‘T6'TE1) [euonLIoUASSUEL], S¥8°0 0 I
900T (t—HO'T ‘L1°TE60T) UONESIUESIO UNBWOIYD) (F—d0'T ‘6S°6L1) UneWoIy) 6L°0 96 0
TeaxX (IS sepn woiy spaqe] (ATT) spromAay woxy sfqe’| anenoy[rs ozI§ a1 msnp)

JI0M]AU QOUAISJAI GET T © UT SIOUAISJAI PAIID-02 JO SISN[d (O] 159516 € 3qel

pringer

As



1558 Scientometrics (2019) 119:1545-1574

Table 4 Key constituents of

cluster #0 by sigma value Frequency Burst Centrality Sigma Authors Year Source
252 2795 0.07 7.45 Bernstein 2006 Cell
119 3094 0.07 7.06 Shi 2004 Cell
90 19.61 0.07 4.04 Boyer 2006 Nature
224 10.56 0.07 2.01 Mikkelsen 2007 Nature
144 17.23  0.04 1.99 Reik 2007 Nature

Table 5 Key constituents of cluster #1 by sigma value

Frequency Burst Centrality Sigma Authors Year Source

139 30.36 0.06 6.11 Anway 2005 Science

110 43.62 0.03 3.28 Waterland 2003 Mol Cell Biol

72 18.68 0.06 2.82 Morgan 2005 Hum Mol Genet

65 16.23 0.02 1.31 Hammoud 2009 Nature

111 14.21 0.01 1.15 Dolinoy 2006 Environ Health Persp
89 9.72 0.01 1.1 Ng 2010 Nature

78 20.24 0 1.08 Lillycrop 2005 J Nutr

133 10.37 0 1.04 Dolinoy 2007 P Natl Acad Sci Usa

Table 6 Citing papers in cluster #1

Coverage References

0.16 Bernal and Jirtle (2010). Epigenomic disruption: the effects of early developmental exposures
0.16 Li et al. (2010). Epigenetic programming by maternal nutrition: shaping future generations
0.16 Rosenfeld (2010). Animal models to study environmental epigenetics

0.16 Zama and Uzumcu (2010). Epigenetic effects of endocrine-disrupting chemicals on female

reproduction: an ovarian perspective

0.14 LeBaron et al. (2010). Epigenetics and chemical safety assessment

et al. (2010) had a considerable impact, serving as the grounds for a wealth of literature on
metabolic impairment and obesity in offspring attributable to parental nutrition. This line
of research with laboratory animals was supplemented with observational studies in human
populations that are still under debate.

The relationship between germline epigenetic marks and the environmentally-medi-
ated changes subsequently transmitted to the offspring is presently an epigenetic hot
topic. Unsurprisingly, then, the citing articles constituting the research front in this cluster
(Table 6) were reviews addressing the effect of environmental factors on embryonic devel-
opment, in terms of both a healthy environment and nutrition. Such articles contribute to a
deeper understanding of area dynamics. The first article listed in Table 6, for instance, cited
16% of the references in cluster #1.

Clusters #4 and #5, with 45 papers each, were particularly relevant since they
included references on the global analysis of the epigenome from two perspectives:
cancer development and treatment and ageing and age-related disease (Table 3). These
continue to be hot topics in the field, for they are pivotal to many aspects of epigenetic
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Table 7 Key constituents of cluster #4 by sigma value

Frequency Burst Centrality Sigma Authors Year Source

210 27.46 0.08 8.99 Dawson 2012 Cell

96 16.32 0.06 2.69 Xu 2011 Cancer Cell

94 15.97 0.05 2.14 Figueroa 2010 Cancer Cell
114 4.06 0.09 1.42 Chi 2010 Nat Rev Cancer
78 13.25 0.03 1.39 Kaelin 2013 Cell

80 6.77 0.02 1.12 Choudhary 2009 Science

Table 8 Citing papers in cluster #4

Coverage References

0.2 Roy et al. (2014). Driver mutations of cancer epigenomes

0.13 Fong et al. (2014). Epigenetics in the hematologic malignancies

0.13 Paluch et al. (2016). Epigenetics: a primer for clinicians

0.11 Baylin and Jones (2016). Epigenetic determinants of cancer

0.11 Hoeksema and de Winther (2016). Epigenetic regulation of monocyte and macrophage function
0.11 Pfeifer et al. (2014). The role of 5-hydroxymethylcytosine in human cancer

0.11 Schoofs et al. (2014). Origins of aberrant DNA methylation in acute myeloid leukemia

0.11 Yang et al. (2016). Natural compound-derived epigenetic regulators targeting epigenetic readers,

writers and erasers

research. Enhancer of zeste homolog 2 (ezh2), an enzyme directly involved in the meth-
ylation of histone proteins that has been a research target in the pharmacological treat-
ment of cancer, has attracted sufficient scientific interest to serve as a label for an entire
cluster.

Cluster #4 included studies specifically dealing with human cancer, as well as two
more general papers: one by Choudhary et al. (2009) describing the extra-epigenetic
functional significance of lysine acetylation, and the other by Kaelin and McKnight
(2013), reviewing the relationships between metabolic impairment and disease develop-
ment in general (Table 7). The presence of the latter in such a cancer-intensive cluster
attested to the prominence of cancer in epigenetic research.

The ‘burstiest’ paper in the cluster was Dawson and Kouzarides’s (2012), an indica-
tion that by 2012 a sizeable corpus of evidence had been gathered on the mechanisms
underlying genetic and epigenetic aberrations in cancer. One of the most frequently
cited reviews, it drew heavily from other papers in the cluster, such as the ones by Xu
et al. (2011) and Figueroa et al. (2010). Both these authors described experimental evi-
dence of epigenetic alterations in human cancer cells and their mechanistic relationship
to the malignant properties of such cells.

All the citing articles in cluster #4 were reviews. While dealing very specifically with
cancer genetics and epigenetics, given the breadth and depth of the field, they were very
varied, with some confined to more technical issues. Pfeifer et al. (2014), for instance,
discussed specific, recently described epigenetic marks, while Schoofs et al. (2014)
reviewed the state of play of DNA methylation and acute myeloid leukaemia (Table 8).
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Table 9 Key constituents of cluster #5 by sigma value

Frequency Burst Centrality Sigma Authors Year Source

91 15.55 0.09 3.97 Bjornsson 2008 Jama-J Am Med Assoc
134 22.81 0.04 24 Bibikova 2011 Genomics

82 13.93 0.06 2.17 Liu 2013 Nat Biotechnol

59 14.73 0.05 2 Bell 2011 Genome Biol

144 12.73 0.05 1.89 Rakyan 2011 Nat Rev Genet

204 15.45 0.02 1.31 Feinberg 2007 Nature

74 18.49 0 1.05 Joubert 2012 Environ Health Persp

Table 10 Citing papers in cluster #5

Coverage References

0.2 Gassen et al. (2017). Life stress, glucocorticoid signaling, and the aging epigenome: implica-
tions for aging-related diseases

0.13 Ali et al. (2015). An epigenetic map of age-associated autosomal loci in northern European
families at high risk for the metabolic syndrome

0.13 Gensous et al. (2017). The epigenetic landscape of age-related diseases: the geroscience
perspective

0.13 Hodgson et al. (2017). Epigenetic age acceleration assessed with human white-matter images

0.13 Morris and Beck (2015). Analysis pipelines and packages for infinium humanmethylation450
bead chip (450 k) data

0.13 Ong et al. (2015). Measuring epigenetics as the mediator of gene/environment interactions in
Dohad

0.13 Tejedor and Fraga (2017). Interindividual epigenetic variability: sound or noise?

Cluster #5, in turn, under the labels ‘ageing’ or ‘age-related disease’, contained a varied
set of papers ranging from the technical analysis of epigenetic marks (a topic highly inter-
connected with all the other clusters), such as the article by Bibikova et al. (2011), to others
with a narrower perspective, including a discussion of the effect of smoking during preg-
nancy (Joubert et al. 2012) or of the relationship between DNA methylation and the genetic
risk of developing rheumatoid arthritis (Liu et al. 2013). This cluster also included a series
of more general studies on the role of methylation and other states of the epigenome in dis-
ease development in general. The papers by Bell et al. (2011), Feinberg (2007) and Rakyan
et al. (2011) lay in that group (Table 9).

The ‘burstiest’ of all these papers was Bibikova et al. (2011), in all likelihood because
of the prominence of the technology described, which is requisite to any genome-wide
analysis of the importance of the epigenome in disease. Joubert et al. (2012) authored the
second highest burst paper and Bjornsson et al. (2008) the third, which was also the one
most specifically concerned with the relationship between ageing and DNA methylation. It
pioneered research on the correlation between the passage of time and epigenetic changes,
analysed in DNA samples from several families over the course of 11 to 16 years.

The citing articles in this cluster were the most recent, denoting the keen research inter-
est in ageing and age-related disorders attendant upon longer life expectancy in modern
societies (Table 10). Since epigenetic marks are affected by environmental exposure and
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their flexibility makes them susceptible to profound change over the years, these papers
will continue to be cited in research on diseases differing in their particulars, but shar-
ing an aetiology based on flawed epigenetic regulation or epigenetic deregulation. Those
considerations may explain the greater heterogeneity of this than the other clusters. The
citing articles identified dealt with topics such as the technical improvement of sequencing
technologies (Morris and Beck 2015), nutritional and other types of environmental stress
in connection with ageing (Gassen et al. 2017) or reviews, one of which even coined a new
term for the epigenetic study of age-related diseases: geroscience (Gensous et al. 2017).

This discussion of the findings would be incomplete without a specific section on the
highest burst papers in the clusters identified, which are summarised below.

RQ 4: citation bursts

Burst is defined to mean a sudden and significant rise in the number of times a given arti-
cle is cited in a short period of time. Burst analysis identifies waves of interest based on
the number of citations received by a given paper within a dataset. The technique was
deployed here to retrieve the references in the total dataset (421,342) exhibiting with a min-
imum duration of 4 year burst in the period studied (2009-2017), irrespective of the date of

Table 11 Top 23 references with minimum duration 4-year bursts, by year of publication. (Color table
online)

References® Year Strength From To  2009-2017
Gardiner-Garden 1987 22.8542 2009 2013 s
Frommer 1992 16.0762 2009 2013 mmmm
Wolff 1998 15.2505 2009 2012 suem

Reik 2001 22.2148 2010 2013 _ mme
Esteller 2001 20.1715 2009 2013 s
Takai 2002 20.2541 2009 2012 ==
Gaudet 2003 22.6103 2009 2013 s
Lillycrop 2005 22.2569 2009 2012 pmm=
Feinberg 2006 28.845 2009 2012 mmm
Eckhardt 2006 24.8067 2009 2013 mme-

Lee 2006 24.2608 2009 2012 ==
Boyer 2006 21.8785 2009 2013 mmem
Dolinoy 2006 17.0918 2009 2012 ==

Li 2007 16.8835 2009 2012 pmmm
Métivier 2008 25.6927 2009 2012 ==

Guan 2009 10.6792 2011 2014 —
Peleg 2010 18.6388 2011 2014 f——
Chi 2010 18.4022 2011 2014 [
Ernst 2011 17.3661 2013 2017 —
Hanahan 2011 16.9844 2013 2017 [R—
Guo 2011 16.7932 2012 2015 —
Rakyan 2011 13.404 2012 2015 f—
Dunham 2012 22.6505 2013 2017 Jr—

2Only the first author’s name is listed

@ Springer



1562 Scientometrics (2019) 119:1545-1574

publication. The 23 references with the highest burst values are listed in Table 11. The blue
bars in the final column indicate the period that covers the burst analysis and the red bars
the years when the strongest bursts occurred.

The highest burst papers were closely correlated to the landmark studies that defined
epigenetics as a clearly identifiable discipline. An article by Gardiner-Garden and From-
mer (1987) had a very high burst score for 5 years, unsurprisingly in light of the subject.
The authors conducted an in-depth analysis of the presence of CpG islands in vertebrate
genomes, suggesting that their specific location within the genome, the possibility of meth-
ylation, and the implications for gene expression were inter-related. At this writing, that
seminal study has received 2248 citations. Just 5 years later, Frommer et al. (1992) headed
research in which he and his colleagues proposed a specific sequencing protocol to ana-
lyse the methylation pattern of individual DNA strands. That article, likewise widely cited
(1972 citations), constituted a technological breakthrough, describing a procedure that
came into general use for much epigenetics-based research. It comes as no surprise, then,
that these very early seminal works have accumulated the highest citation scores over long
periods, or remained highly influential long after the decade when they were published,
for they contain the background for further intellectual and technological developments in
epigenetics.

The second highest burst papers, which appeared in 2006 and 2008, were all closely
related to the biological significance of methylation patterns, genetic regulation and dis-
ease. In a decisive paper published in Nature Reviews Genetics, Feinberg et al. (2006)
reviewed the relationship between the epigenetic alteration of genes and stem cell proper-
ties as a key to cancer progression. That review has received 1149 citations at this writ-
ing, 889 from papers on genetic heredity, and unsurprisingly has the highest strength burst
value. It also directly connected to two other bursty studies identified in the present analy-
sis. Eckhardt et al. (2006) described the high stability of DNA methylation marks, whilst
Lee et al. (2006) explored a side issue: genetic control of embryonic stem cells and their
developmental potential, knowledge of which is needed to correlate cell differentiation to
methylation patterns in genetic regions. In the latter part of that early period of seminal
publications, Metivier et al. (2008) broke the ground for research on the highly dynamic
nature of epigenetic marks and their regulatory processes, with insights that led to the
establishment of the close relationship between epigenetic gene regulation and environ-
mental factors. The most recently published high burst paper was authored by Dunham and
Kundaje (2012), who described the ENCODE project findings. One of the latest landmarks
in genomic research, this review contains a comprehensive summary of the functional
features of the human genome. Although not strictly confined to epigenetics, it nonethe-
less furnishes vital information for research in the field and has had a heavy impact on the
papers published in 2013-2017. It has received 5631 citations to date. That statistic both
shows that the definition of epigenetics as an entity separate from the rest of genetics and
genomics is sometimes hazy and attests to the close interconnection among disciplines.

RQ 5: articles with transformational potential

Structural variation theory is used to determine the degree of innovation of the ideas in
scientific papers. Once a paper is published and assigned to a specific scientific domain, its
innovation and transformational potential is measured against the pre-existing intellectual
structure. Papers with transformational potential are understood to be studies containing
innovations not previously established in the respective list of references and the network of

@ Springer



Scientometrics (2019) 119:1545-1574 1563

references cited contained therein, which constitute the knowledge domain. Those papers
and the innovation-related links between the references they include connect the clusters
comprising a domain and transform the former intellectual base at issue (Chen 2012).

The findings for the dataset used here are given in Table 12, which lists three articles
per year with such potential. The selection criterion was the geometric mean of the values
for three separate metrics calculated for all the articles published in each year. In 2017, for
instance, the three most prominent articles in this respect were related to 5-hydroxymethyl-
cytosine. The article with the highest score, published in 2011, reviewed the techniques for
epigenetic studies and their applications in characterising human disease (Martin-Subero
and Esteller 2011).

A number of studies published in 2011-2017 hold the potential to define the future
direction of epigenetic research. The topic of most was epigenetics and disease, with an
emphasis on the mechanisms specifically involved in methylation. The present survey also
revealed a tendency to confine research to three major areas: cancer, ageing, and neurobi-
ology, with a few sporadic studies on the relationship between epigenetic regulation and
evolution (Duncan et al. 2014), physical performance during exercise and athletic potential
(Ehlert et al. 2013) and rheumatic disease (Zufferey et al. 2014). Even those seemingly
divergent topics nonetheless dealt with the epigenetic regulation of methylation, a subject
that continued to be of keen interest even as late as 2017, as inferred by the studies by
Lopez et al. (2017), Mellen et al. (2017) and Skvortsova et al. (2017). Those very recent
reviews constituted a turning point in the analysis of epigenetic marks, condensing the
growing evidence that 5-hydroxymethylcytosine (ShmC), formerly assumed to be an oxida-
tion product of widely studied 5-methylcytosine, should be regarded as a new epigenetic
mark. Drawing from the existing evidence of the relationship between methylation pat-
terns and disease, richly supplemented by papers in this same cluster (Herceg and Vaissiere
2011; Rodriguez-Paredes and Esteller 2011; Liu 2012; Jankovska et al. 2015; Roos et al.
2016), they provide a substantial body of knowledge for future research. They will serve
as the grounds for evaluating the existence of further levels of epigenetic regulation with
implications of great significance for neurobiology (Mellen et al. 2017) and age-related
diseases (Lopez et al. 2017). Skvortsova et al. (2017), in turn, called for caution when
interpreting earlier findings on methylcytosine levels, contending that they may have led
to underestimating the presence of 5-hydroxymethylcytosine. In light of its methodological
contribution, this article will probably continue to be highly cited in the years to come, if
the number of papers on ShmC research grows at the present rate. Last but not least, Allis
and Jenuwein (2016) authored one of the most accurate and thorough reviews of epigenetic
processes to date, which may also continue to be widely cited.

Discussion

Experts engaging in a given field of research can conduct systematic reviews of the litera-
ture published in the area. That endeavour can be enhanced by using advanced bibliometric
methods to select references based on cumulative citation data indicative of the attention
aroused in the scientific community. Such a procedure eludes the exclusive reliance on
approaches inevitably biased (Lee et al. 2013) by the criteria applied by those engaging in
evaluation. If references are selected using a mix of techniques based on scalable citation
graphics and lexical procedures, they can be used to explore the knowledge structure of any
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field of research. The purpose here was to review the recent literature on epigenetics with
sufficient breadth and depth to approximately determine domain structure.

The study consisted in building and assembling a number of units. The first addressed
scientific output in epigenetics. The papers identified and included in this stage of the anal-
ysis mirrored the growing interest of researchers and teams of researchers. The analytical
elements applied are summarised below.

e RQI and RQ2 Analysis of the co-occurrence of the subject categories assigned to jour-
nals was followed by citation overlay mapping, both to delimit and visualise the field of
research, initially to acquire what might be termed an ‘overview’.

e RQ3 Domain specialities were identified through co-citation analysis to determine the
core articles constituting the intellectual base of the discipline. Cluster quality was
measured with silhouettes.

e RQ3 The most recent papers on the speciality that comprise the research front were
found by identifying the main citing papers through co-citation analysis. The papers
included in each cluster were characterised with four metrics, namely co-citation links,
citation bursts, betweenness and sigma, a hybrid indicator combining betweenness and
burst.

e RQ3 The specialities comprising the intellectual base were identified by selecting terms
based on occurrence patterns in natural language (titles and keywords) using latent
semantic indexing, a semantic distributivity technique, and the log-likelihood ratio, a
non-parametric test.

e RQ4 The smallest unit defining granularity or degree of detail was the individual arti-
cle. The first technique used detected papers with citation bursts lasting 4 consecutive
years. That retrospective selection highlighted the papers of key interest to the research
community that were the object of sudden, intense and sustained attention throughout
the period studied.

e RQ5 The structural and time-related properties of articles with transformational poten-
tial in the field of epigenetics were also analysed.

Certain limitations to the methodology used here merit mention. Firstly, the findings
are the outcome of a given search strategy applied to literature listed in a specific data-
base. The paper must consequently be viewed as an exploratory study in which the results
are applicable to a limited context. Establishing the bounds of a subject area, discipline
or speciality is clearly challenging (Chen 2016) and any analysis aiming to identify the
intellectual structure of a domain is sensitive to the values of the many variables involved.
A different search strategy applied to the same database or the same strategy applied to a
different database would obviously have yielded different results. No universal scientific
database with all the information systematically organised is in place, nor has the commu-
nity reached a consensus about which is the best. Nonetheless, studies comparing citation
databases deem that the one chosen here, WoS, is applicable to any study based on network
paradigms, given its consistency (Subelj et al. 2015).

In this study the specialities comprising the field addressed were delimited using non-
overlapping spectral clustering with CiteSpace co-citation analysis software. The authors
are aware of other approaches for defining specialities using clustering techniques (Subelj
et al. 2016; Velden et al. 2017) or different inter-citation relationships, such as direct cita-
tion or bibliographic coupling (Klavans and Boyack 2017). No golden rule has been defined
for clustering applicable to the data analysed. The authors therefore support the approach
defined by Gliser et al. (2017), who contend that there is no single way to identify topics
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and that more than one subject structure can be defined, depending on the perspective from
which a given area of knowledge is viewed.

Analogous remarks can be applied to cluster composition. In this study, the clusters of
co-cited papers contained both bursty and high betweenness value articles. The papers with
the highest sigma value contained innovative discoveries of key significance for the intel-
lectual base supporting epigenetics. These are not, however, the sole topological metrics
for determining significance in a field of research. Shibata et al. (2009), for instance, used
the density of the core paper clusters for that purpose.

Conclusion

Several conclusions of interest can be drawn from the present analysis of the scientific liter-
ature on epigenetics. The very short number of studies on its biotechnological applications
to agriculture and animals attests to the ongoing predominance of biomedical research, in
terms of the number and impact of papers. The popularity of this discipline among sci-
entists, attributable to the association it defines between environmental factors and the
inheritance of health- and disease-related traits, is based primarily on a series of ground-
breaking papers that vested it with a sound body of knowledge. More recent studies are tar-
geting a deeper understanding of the molecular features of epigenetic marks in the context
of biomarker design and disease monitoring. The focus is also shifting to the implications
of epigenetics for ageing and age-related pathologies in humans. Of particular note is the
fact that most of the research rests on the epigenetic process sensu stricto: DNA meth-
ylation and chromatin remodelling. The role of histone modifications or noncoding RNAs,
although present in many of the studies identified in the analysis, constitute a minority
perspective. Interestingly, whilst the definition of noncoding RNA as an epigenetic mark
has been controversial, this exercise confirms that most authors still deem research based
on noncoding RNA, especially long noncoding RNA (IncRNA) and microRNA (miRNA),
to be related to the epigenetic regulation of gene expression. All-in-all, the present findings
help understand and structure the complex landscape of epigenetics research over the last
few decades.

Future research may target a number of horizons and the analyses conducted may use
direct rather than the indirect or co-citation approach adopted here. Different clustering
algorithms might also be applied. Another feature that might be addressed is co-word net-
works and fluctuations in domain topics.
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