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Abstract

Tracing the influence of individuals or groups
in social networks is an increasingly popular
task in sociolinguistic studies. While meth-
ods to determine someone’s influence in short-
term contexts (e.g., social media, on-line politi-
cal debates) are widespread, influence in long-
term contexts is less investigated and may be
harder to capture. We study the diffusion of
scientific terms in an English diachronic sci-
entific corpus, applying Hawkes Processes to
capture the role of individual scientists as "in-
fluencers" or "influencees" in the diffusion of
new concepts. Our findings on two major
scientific discoveries in chemistry and astron-
omy of the 18th century reveal that modelling
both the introduction and diffusion of scien-
tific terms in a historical corpus as Hawkes Pro-
cesses allows detecting patterns of influence
between authors on a long-term scale.

1 Introduction

The detection and definition of influence in social
contexts is becoming increasingly popular in com-
putational sociolinguistics and related disciplines
(Eisenstein et al., 2014; Nguyen et al., 2016; Cork
et al., 2020), mainly due to the availability of data
from large-scale social media that allow us to study
an unprecedented amount of exchanges, but re-
cently also in diachronic settings as shown by Soni
et al. (2021) on lexical semantic change. As the
diffusion of new concepts and ideas is inherent to
scientific writing, one can assume many cases of
terminological influence between authors. Also,
since scientific communities act as social and col-
laborative networks (Newman, 2001), the diffusion
of new concepts in the history of science might
behave similarly to that of recently formed com-
munities such as social media networks. Scientific
findings that either introduce new concepts or re-
define the understanding of known phenomena are
bound to either encourage the acquisition of new

words and expressions or to promote existing termi-
nology that gets endowed with novel importance.

We present a pilot application of Hawkes Pro-
cesses, usually used to trace short-term influences
between cascades of events, modeling long-term
influences between authors of the Philosophical
Transactions and Proceedings of the Royal Society
of London, two of the longest-running scientific
journals in English. From today’s perspective, the
18th century Royal Society network represented
a rather narrow circle of professional and private
relations (Røstvik and Fyfe, 2018). In the publi-
cations of this "scientific club", we assume a re-
flection of social and thematic networks. Central
members may have had a particular influence by
crossing disciplinary boundaries that were not yet
well established. Relying on previous findings on
innovative uses of words in the Late Modern Period
of the RSC (Degaetano-Ortlieb and Teich, 2019),
we select in a data-driven fashion using Kullback-
Leibler Divergence sets of words distinctively used
around that period and involved in terminology for-
mation. These sets of words are used to select texts
to be fed into the modelling of Hawkes Processes.
We present the results of influences between indi-
viduals for two specific "revolutionary" periods in
the history of science: (1) the discovery of oxygen,
leading to the Chemical Revolution in the mid-18th
century, and (2) the rapid expansion of knowledge
on the composition of structures in the universe
(the planetary nebula) through more powerful tele-
scopes around the end of the 18th century.

2 Related Work

Large diachronic scientific corpora are rare and
valuable, since they allow us to study the devel-
opment of a rather big but specialized community
throughout historical time spans. One of the largest
curated corpora of this kind to date is the Royal
Society Corpus (RSC; see Kermes et al. (2016); Fis-
cher et al. (2020) for corpus creation and Menzel
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et al. (2021) for metadata curation). The mate-
rial of the Royal Society has been used in various
diachronic studies to explore the development of
English scientific writing and aspects such as the
evolution of peer review and community-based edi-
torial processes of scholarly journals (e.g., Halliday
(1988); Degaetano-Ortlieb and Teich (2019); Fyfe
et al. (2020); Bizzoni et al. (2020)).

Considering work on tracing influences, Hawkes
Processes (HP) (Hawkes, 1971), originally de-
signed to model waves of earthquakes’ aftershocks
(Hawkes, 1973), have gained popularity in sociolin-
guistics. They have been recently used as powerful
means to study influence relationships between au-
thors on a text-based level (He et al., 2015) as well
as words’ spreading and turn taking in conversa-
tions (Li et al., 2014; Guo et al., 2015; Daw et al.,
2020) and social media (Goel et al., 2016; Zhang
et al., 2018; Soni et al., 2019; Dutta et al., 2020).

The main advantage of using HPs has been found
in their ability to model a wide range of different re-
lationships between events through a transfer func-
tion (Bonnet et al., 2021). Also, their flexibility in
accommodating auxiliary features (Chiang et al.,
2021) has made them increasingly popular in fields
like criminology (Mohler et al., 2018), economy
(Rambaldi et al., 2015; Hawkes, 2018), and epi-
demiology (Escobar, 2020). Their flexibility has
also made HPs particularly apt to finance and mar-
ket modelling (Bacry et al., 2015; Hawkes, 2018).
Naturally, with the growth of social media a num-
ber of studies have found HPs suitable to model
the spread of information through communication
networks (Lukasik et al., 2016; Rizoiu et al., 2017;
Li and Bhowmick, 2020). All in all, HPs are a rela-
tively simple and robust method to detect influence
from incomplete and noisy data (Da Fonseca and
Zaatour, 2014; Yang et al., 2018). We adapt HPs
to model long-term influences between scientific
authors focusing on the use of newly established
terminology.

3 Data and Methods

3.1 The Royal Society Corpus
The Royal Society Corpus (RSC; Kermes et al.
(2016); Fischer et al. (2020); Menzel et al. (2021))
is composed of the full set of publications from the
period between 1665 and 1996 of the Royal Society
of London. As multidisciplinary journals covering
the natural sciences, the Philosophical Transactions
and Proceedings of the Royal Society originally

used to cover all branches of science of the time and
became increasingly specialized due to increased
competition from commercial journals and publi-
cations from specialized scientific societies. Few
journals are so deeply embedded in a community
of scholars as these (Røstvik and Fyfe, 2018).1 We
use the open access RSC 4.0 version2 (1665-1869,
9.779 texts, 31.952.725 tokens) as it covers the
period where we previously detected major scien-
tific discoveries reported in the RSC such as the
Chemical Revolution (Degaetano-Ortlieb and Te-
ich, 2019). The RSC encodes metadata (such as
text type (article, abstract), author, title, date of
publication, and time periods (decades, fifty years))
and linguistic annotation at the levels of tokens
(with normalized and original forms), lemmas, and
parts of speech using TreeTagger (Schmid, 1995),
achieving 95.1% accuracy on normalized word
forms (normalization is based on VARD; see Baron
and Rayson (2008)). As the material has been
OCRed, pre-processing steps have been adopted to
mitigate OCR errors as good as possible (see Ker-
mes et al. (2016) and recently Menzel et al. (2021)
for a more detailed description).

3.2 Modeling Event Cascades by Hawkes
Processes

A Hawkes Process (Hawkes, 1971) (HP) is a self-
exciting point process, where the probability of see-
ing new events increases based on previous events.
This is a way of modeling event cascades, where
some events seem to cause or "excite" a number
of successive events (consider e.g. an earthquake
and its after-shocks). In simpler terms, they are
sequences of events happening with some form of
domino effect. For example, the first shock of an
earthquake happens randomly, while the succession
of after-shocks comes only as a consequence of the
first one. Since the first shock initiates a cascade of
events, the events that immediately follow it will
not show an arbitrary distribution. In linguistic ex-
changes, such as conversations or letters, HPs can
be applied to model influence among interactants
and be also applied to capture the diffusion of new

1The Royal Society of the 17th-19th century was a rather
closed circle. Its journals became fundamentally linked to
the Society’s scientific meetings. Manuscripts could only
be submitted by fellows of the RS, a professional and social
network dedicated to discussing science and investigating facts
via scientific experiments. Fellows could also “communicate”
manuscripts for nonmembers.

2RSC 4.0 at https://hdl.handle.net/21.11119/0000-0001-
7E8B-6 and further releases.

https://hdl.handle.net/21.11119/0000-0001-7E8B-6
https://hdl.handle.net/21.11119/0000-0001-7E8B-6
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words or linguistic uses, e.g. in a debate or social
network (Linderman and Adams, 2014; Soni et al.,
2019).

We consider words as events over the time line.
If author X introduces a new word, and Y and Z
use it in a pattern that resembles that of an event
cascade rather than a random occurrence, we may
assume an influence from X to Y and Z.3 Since
its aim is to understand who influences whom in
a network, HP has an event intensity function (cf.
Rizoiu et al. (2017)):

λj(t) = λj,0 +
∑
t′<t

αse→jκ(t− t′) (1)

where α is a scalar excitement parameter, se indi-
cates the source of event e (here: a word), αse→j

quantifies how much the source event se tends to ex-
cite target j, and κ is a kernel decay function mono-
tonically decreasing through time, constrained to
integrate to 1 over positive arguments – the further
away in time, the weaker the influence is expected
to be. The model’s overall goal is to measure the
intensity of the influence of se over j for a specific
time interval ∆t and is modeled as a sum over B
simple basis models (here B is equal to the number
of authors considered):

κse→j(∆t) =

B∑
b=1

g
(se→j)
b φb(∆t). (2)

where φb(∆t) is the basis model (an impulse func-
tion that sums to 1) and gb are the dyad-specific
weights over the basis models.

As input for the Hawkes Process model4, we
use sentences (as plain text) from the RSC corpus
which contain sets of words attributed to major dis-
coveries. The selection procedure of these sets of
words is described in the following section. To
obtain an overall impression of influencer and in-
fluencees, we use a heatmap visualization based
on Equation 2 showing the intensity of influence
across groups.

3Note that the concept of influence is to be held as likely,
and not absolutely ascertained. We are de facto observing cor-
relation, not causation. For example, it may be that all parties
are being influenced by the same hidden source with a delay,
i.e. early adopters would not be influencing late adopters. Say-
ing that X influences Y means that their behavior is consistent
with that of an event cascade initiated by X and continued by
Y .

4https://github.com/degaetano-ortlieb/influencer_RSC
_HawkesProcess.

3.3 Selection Procedure
For selection of words as possible events which
might trigger cascades from an influencing au-
thor to influencees, rather than intuitively choosing
words, we use Kullback-Leibler Divergence (KLD)
(Kullback and Leibler, 1951) as a more data-driven
approach, modeling at a given time period differ-
ences between past and future language use follow-
ing Degaetano-Ortlieb and Teich (2018). Formally,
we compare the probability of a word w in a period
of 20-years following a given year, p(w|F ), to the
word’s probability in a period of 20-years preced-
ing a given year, p(w|P ). Given these probabilities,
we model divergence between future language use
F given past language use P :

D(F ||P ) =
∑
i

p(wi|F )log2
p(wi|F )

p(wi|P )
(3)

The words with the highest contribution to the over-
all KLD at a particular point in time denote words
used distinctively in the future compared to the
past, i.e. new words or existing words used in novel
ways. From this ranking, we observe words related
to two major discoveries reported in the RSC cor-
pus. First, we consider the discovery of oxygen
in 1774 by Joseph Priestley, which substituted the
phlogiston theory of combustion. This transition
was characterized by the coinage and spreading
of words related to the new element. Second, we
consider the discovery of new nebulae (mainly the
planetary nebulae) at the end of the 18th century
by William and Caroline Herschel. This expansion
of scientific knowledge was characterized by the
increased success of existing terminology (like the
word nebula itself). We select the most distinctive
words for each discovery from the KLD rankings.5

We use these word sets to extract sentences from
the RSC corpus, the respective authors and the
publication year. This data serves as input for the
Hawkes Process model.

For both discoveries (oxygen and nebula), in this
pilot study, we limit our analysis to single-author
papers of authors who published more than seven
papers containing at least one of the words of our
selection.6

5oxygen set: oxyg(en|enous|ene), phlogiston, de-
phlogisticated, acid, water, gas, hydrogen(e), sub-
stance, solution, oxide, compound, muriatic; nebula
set: nebul(a|ae|e|osity|ous|ar|osa|as), Saturn, luminous,
bright(ness), illuminate, position, cluster, object, lustre,
spectrum, eye, star, ray, light, catalogue, formation, rotation

6Note that in the RSC, there are some non-unified au-

https://github.com/degaetano-ortlieb/influencer_RSC_HawkesProcess
https://github.com/degaetano-ortlieb/influencer_RSC_HawkesProcess
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4 Influencers and Influencees in the RSC

4.1 The Discovery of Oxygen
Figure 1 shows an influencer heatmap of the most
prolific authors during the diffusion of the theory
of oxygen. The y-axis denotes the influencers and

Figure 1: Influencer heatmap (oxygen)

the x-axis the influencees. Stronger influences shift
towards the red. The single strongest influence
is by Joseph Priestley on George Pearson: after
Priestley’s first use of words such as oxygenous
(see Figure 2), Pearson follows with a series of
mentions of morphologically related words which
our model detects as a highly probable cascade re-
action to Priestley.7 In fact, Pearson was the first
English chemist to adopt Priestley’s oxygen the-
ory (Coley, 2003), and while Priestley displays the
strongest influence of the group, Pearson’s work
has the most widespread effect, showing direct in-
fluence on eleven other scientists we consider, in-
cluding Chenevix, Davy, and Henry (see Appendix
Table 2). Additionally, some authors are influenced
by several others, e.g., Humphry Davy (the first
to describe the properties of nitrous oxide, a gas
still extensively used in anesthesia) by Herschel,
Pearson, Henry, Chenevix, and John Davy.

Overall, it seems that oxygen’s diffusion happens
through three main roles which can be partly re-

thor names, i.e. while most authors are covered by dominant
spellings, some have several spelling variants, which are how-
ever rare. For practical reasons, in this pilot work, we consider
only the most frequent spelling variants of the respective au-
thor names. Currently, to overcome this issue, unique Fellow
IDs for authors that were fellows of the RS are being added
to the corpus metadata, allowing us in future work to further
increase coverage of spelling variants.

7Priestley himself did not use the word oxygen(e) yet,
which was coined in France by Lavoisier, who learned the
process of making oxygen from Priestley.

lated to the Diffusion of Innovation theory (Rogers,
2010): the first user, Priestley, with a strong but
focalized influence acts as an innovator; Pearson,
an influencee-influencer acts as an early adopter,
reacting strongly to Priestley and in turn influenc-
ing a large number of peers; and strong influencees
like Davy, reacting to an already widespread use
from several authors with a large number of men-
tions possibly acting as early majority adopters.8

Figure 2: Chronologically ordered mentions of the
word oxygen

4.2 The Discovery of the Planetary Nebula
Figure 3 shows the most prolific authors using
the set of words we selected for the astronomi-
cal field in the period between 1761 and 1828.
William Herschel is visibly influenced by many
other authors. His "big influencee" role seems to re-
flect his research endeavor of collecting/discussing
facts in the community (e.g., Francis Wollaston’s
catalogue or the relationship to his friend Pigott
(Hoskin, 1979)). Note that his strongest influencer
was his sister Caroline Herschel (see red square
in Appendix Figure 4).9 The discovery of new
instances of pre-existing "objects" like nebulae ulti-
mately lead him to discover the planetary nebula as
a different phenomenon from star clusters. William
Herschel did not influence this sub-field with new
terminology, but did "resonate" to concepts already
in the field and mentioned by others.

Beyond the Herschels, this group of astronomers
and physicists reveals other valid influences. For
example, Henry Kater, famous for his studies on

8The role of Davy as a prolific inventor and President of
the RS from 1820 could also be a factor in his behaviour.

9Caroline was not a prolific author and does not appear in
Figure 3. However, based on her well-known contribution to
her brother’s work, we added her texts for inspection revealing
her strong influence on her brother.
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telescopes, has a relevant influence over the pio-
neer optician and inventor David Brewster (see red
square in Figure 3 and Table 3) or Edward Sabine,
actively calling for building magnetic observato-
ries, influences Samuel Hunter Christie pursing
the same interest (MacDonald, 2015, 416) (orange
square in Figure 3 and Table 3).

Figure 3: Influencer heatmap (nebula)

Overall, rather than the early adopter role acting
as strong influencer as seen for the diffusion of oxy-
gen, here there are writers who start using existing
terminology with increased insistence as the influ-
encee William Herschel, wide-spreading influencer
as Caroline Herschel and others (see Table 4), and
strong individual influencers as Kater on Brewster.

5 Discussion and Future work

This pilot study aimed to trace influences on the dif-
fusion of terms in the history of science. We model
long-term influences with Hawkes Processes, usu-
ally applied to short-time studies, on the diachronic
Royal Society Corpus. We focus on two cases in
the Late Modern Period: (a) the diffusion of oxy-
gen terminology, when the competing concept of
phlogiston was losing momentum, and (b) the diffu-
sion of specific astronomical terms centered around
the discovery of new nebulae. For both, the model
detects realistic influences between authors which
correspond to qualitative observations of the sci-
entific fields involved. The relationships between
influencers and influencees can be quite diverse and
contribute differently to the diffusion of innovative
knowledge. For example, for the oxygen theory,
while Priestley is the innovator, Pearson, the early

adopter, is the one influencing a large number of
peers. For the planetary nebulae discovery, instead,
Caroline Herschel acts as a wide-spreading influ-
encer among other influencers, while her brother
William is a strong adopter with no major influ-
encer role. Being supported by empirical observa-
tions, these results also validate HPs as a possible
tool to study long-term influence between authors.

In future works, a deeper qualitative analysis will
allow us to detect more reliably possible benefits
and drawbacks of the approach. For example, in-
forming our data-driven approach with knowledge
of historians of science, as we have simplistically
shown for Caroline Herschel, would be beneficial,
and investigating more deeply connections detected
by our model will show whether we are able to
find latent patterns of influence or detect false pos-
itives. To further evaluate the appropriateness of
the approach, we might attempt to reproduce the
phenomena we model in synthetic data that mimic
types of lexical diffusion over longer periods. Thus,
we would have an even clearer idea of what types
of scientific influence HPs can capture best.

While we here consider the lexical level, we are
especially interested in tracing the diffusion of syn-
tactic and/or stylistic patterns shaping the scientific
register. The language of science has been shown to
increasingly use conventionalized ways of expres-
sion to level out the high degree of informativity
rendered (Biber and Gray, 2016; Degaetano-Ortlieb
and Teich, 2019; Teich et al., 2021). However, in-
fluencers originating from minority groups, such
as Caroline Herschel, might have had to oblige
not only to conventions related to the language
of science but also to socio-cultural conventions
possibly reflected in their use of language. Accord-
ing to Winterburn (2015, 3,7,8), e.g., Caroline’s
language is modest, self-effacing and polite high-
lighting her awareness of the proper codes of con-
duct for women, but also succinct and rigorous on
the accounts of her observations, conclusions and
defence of their credibility adhering to the expec-
tations of the scientific community. Also, her use
of language does not claim priority as her bother’s,
but focuses on sharing information. Thus, detect-
ing influencer belonging to particular socio-cultural
groups and analyzing their use of language across
linguistic levels might help us to better understand
the complexity of the diffusion of knowledge and
the different possible stages and relationships of in-
fluencers and influencees considering social roles.
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A Appendix

Table 1: Strongest individual influences related to oxy-
gen.

Influence Score Authors

15.5 Joseph Priestley on George Pearson
6.98 George Pearson on Richard Chenevix
4.80 John Davy on Humphry Davy
3.51 William Hyde Wollaston on Humphry

Davy
2.31 David Brewster on William Hyde Wol-

laston
2.15 William Henry on Humphry Davy

Table 2: Most wide-reaching influencers related to oxy-
gen.

No. of Influ-
enced Authors

Author

11 George Pearson
8 Richard Chenevix
6 William Herschel
4 John Davy
3 William Hyde Wollaston
3 Count de Bournon

Table 3: Strongest individual influences in the astro-
nomical field.

Influence Score Authors

169.42 Caroline Herschel on William Herschel
22.54 John Hunter on William Herschel
20.89 Henry Kater on David Brewster
16.28 Edward Sabine on Samuel Hunter

Christie
7.14 John Ellis on Nevil Maskelyne
5.88 John Brinkley on Peter Barlow

Table 4: Most wide-reaching influencers in the astro-
nomical field.

No. of Influ-
enced Authors

Author

19 Caroline Herschel
17 Samuel Dunn
14 Robert Woodhouse
12 John Swinton
12 Count de Bournon
11 Thomas Young

Figure 4: Influencer heatmap (nebula) plus Caroline
Herschel.


