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Abstract:

Twitter is one platform where scientists can 
communicate their research results, both among each 
other and to a wider audience. This master thesis 
investigates to what extent, and by which means, 
tweets with scientific content invite the general public 
to engage in the topics. The four different topics 
analysed in this study were: C.elegans/Neuromyelitis, 
Staphylococcus, mRNA expression and Species 
diversity/Phylogenetic tree. Several methods were used
to analyse these datasets, such as identification of 
jargon, content analysis and word frequencies, 
analysed within the metadiscourse framework stance 
and engagement. All in order to detect any intentions 
of communication outside the academic circle. It was 
possible to detect communicative and descriptive 
content in two of the topics, mRNA expression and 
Species diversity/Phylogenetic tree. The vocabulary 
was analysed in both of these topics, detecting a high 
frequency of reader-mentions and markers for novelty, 
something that has been seen in other kinds of media 
producing popular science. However, for most tweets 
with scientific content the main receivers seem to be 
other researchers in the same fields. Tweets containing 
links to scientific articles predominantly contain only 
the title of the article. One prominent aspect of Twitter 
is its changing nature. This can be seen in this study 
where tweets from the topics Staphylococcus and 
Species diversity/Phylogenetic tree had links to news 
media. If the datasets were collected today, tweets from
the topic mRNA expression would probably also 
display this pattern.
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1. Introduction

One can call  it  science communication,  research dissemination or popular
science, but it all comes down to one thing – results from the academia needs
to be presented to, and be a part of, society as a whole. In Sweden this is
called "den tredje uppgiften" and regulated by the law as one of the main
tasks  for  the university,  besides  teaching and research  (SFS (1992:1434)).
This mission is similar, but not equivalent to, what is called the third mission
or the third stream internationally. In this international perspective the focus
is  on  how  universities  and  other  academic  institutions  can  contribute  to
regional development by encouraging entrepreneurship and commercialising
of scientific research. Education and interaction with the society is however
also  considered  a  part,  albeit  smaller,  of  the  third  mission  also  outside
Sweden (Compagnucci & Spigarelli, 2020). 

Several variants of how this interaction between society and the academia
can  occur  have  been  formulated  in  ways  such  as  public  communication,
public  consultation  and  public  participation. In  the  first  concept  is  the
information  going from the scientists  to  the  public,  in  the  second are the
public  giving  feedback,  while  the  latter  aims  at  dialogue.  This  type  of
continuing  exchange  is  in  line  with  the  current  view  of  research
communication  and  dissemination  occurring  on  social  media  (Hargittai,
Füchslin, & Schäfer, 2018). 

The commentary functions included in social media are seen as a way to
interact with a wider audience. The general public is often considered the
target  when  writing  science-related  blogs  (Sugimoto,  Work,  Larivière,  &
Haustein,  2017) and  one  interesting  question  in  this  context  is  if  the
vocabulary used matches the intended reader. It is at the same time important
not to underestimate the readers and remember that followers of scientific
blogs and Twitter accounts are already interested in these subjects. Côté and
Darling (2018) describes it as an extension of the echo-chamber that Twitter
can be described as, the tweets reach a public interested in scientific topics,
but  Twitter is not automatically a way to get a broad dissemination out in to
society. Nevertheless, the size and diversity of the public is often larger than
for a scientific article. 

Studies of communication and its relation to a new information society,
digital  transition and digital  literacy is  something that  are  covered by the
wide subject of library and information science. A model often used is one of
a communication chain, where it is possible to study and describe the process
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from creation of information to its disposal. Included in this model are the
steps  dissemination,  organisation,  indexing,  storage  and  use,  (Bawden  &
Robinson, 2015) of which the first is of particular interest for this project.
Also the last concept, use, is interesting since it connects to another area of
Library and information sciences, namely bibliometrics and altmetrics. 

Several studies have investigated what effect communicating research via
social media actually have on the number of citations received for an article,
and  the  results  shows  marginal  or  slightly  positive  correlations  (Costas,
Zahedi, & Wouters, 2015; Thelwall, Haustein, Larivière, & Sugimoto, 2013).
However,  regardless of what outcome this type of science communication
and  research  dissemination  has  on  research  impact  it  is  part  of  today’s
society, and altmetrics is a complement to the more traditional bibliometric
measurements. Altmetrics has been described as “research indicators based
on social media activity” (Sugimoto et al., 2017) and also as a metric for the
societal impact of research (Díaz-Faes, Bowman, & Costas, 2019; Tahamtan
& Bornmann, 2020). 

Key terms for research dissemination via Twitter or other social media are
communication and interaction. The importance of these concepts can not be
underestimated  while  aiming  at  increasing  the  public  awareness  and
understanding in science (Álvarez-Bornstein & Montesi, 2019; Su, Scheufele,
Bell, Brossard, & Xenos, 2017). This master thesis will investigate to what
extent, and by which means, tweets with scientific content invites the general
public to engage in the topics.

1.1 Social media, dissemination and miscommunication

In order to awake an interest and engagement in science and science-related
questions it is necessary to provide meeting places where interaction can take
place. Results, values, and knowledge need to be discussed and explained,
and  different  forms  of  social  media  have  been  identified  as  such  places
(Büchi, 2017 and references therein; Della Giusta, Jaworska, & Vukadinović
Greetham, 2021; Freddi, 2020). Twitter is one social media platform and its
relation  to  research  dissemination  has  been  described  as  follows:  “The
possibility that scholars can push their research out, rather than hope that it is
pulled  in,  holds  the  potential  for  scholars  to  draw wide  attention  to  their
research.”  (Klar, Krupnikov, Ryan, Searles, & Shmargad, 2020).  An aspect
often lifted in this discussion is the importance of correct disseminate results,
with an appropriate vocabulary and without relying on the journalistic touch
(Kuehne & Olden, 2015). 

One question is of course if the material presented in tweets is picked up
by a wider audience or if it stays in a limited bubble, sometimes formulated
as  the  contrast  between inreach –  preaching  to  the  choir,  and outreach  –
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singing from the rooftops  (Côté & Darling,  2018).  Many publications  are
mentioned  on  Twitter,  and  the  fact  that  it  is  a  platform with  many  non-
academic users indicates that this is a place where such interaction can occur
(Mohammadi,  Thelwall,  Kwasny, & Holmes, 2018). It  should however be
noted that voices have been raised, claiming that Twitter might have evolved
into  an  informal  discussion  forum  among  colleagues  in  the  academia
(Sugimoto et al., 2017). 

Twitter is sometimes considered a hybrid form between a recommendation
service and a networking platform (Schmitt & Jäschke, 2017) and the tone
and  language  used  have  changed  throughout  the  years,  from  formal  to
informal (Della Giusta et al., 2021). One problem while studying any aspects
of social media is its changing nature. In the year 2012 12% of the articles
published in  PLoS were  included in at  least  one tweet,  and 3 years  later
(2015)  the  same figure  was  53%  (Sugimoto  et  al.,  2017).  This  has  been
highlighted as one confounding factor while interpreting altmetrics scores,
but it also shows the development of a practice. 

If  this  outreach  process  and  dissemination  of  research  is  going  to  be
successful the scientific jargon needs to be abandoned. Usage of jargon has
been shown to diminish the ability to process information as well as change
how the information is perceived (Bullock, Colón Amill, Shulman, & Dixon,
2019). Studies like this have lead to the development of tools for both jargon
detection and jargon quantification in order to assist the researchers in their
communication (Rakedzon, Segev, Chapnik, Yosef, & Baram-Tsabari, 2017;
Willoughby, Johnson, & Sterman, 2020). It has also been suggested that the
format  of  Twitter,  with  the  limited  number  (280)  of  characters  available,
invites  and  forces  the  users  to  express  themselves  carefully  and  clearly
(Denia, 2020). This would indicate that if the purpose of scientific tweets is
research dissemination, care would be taken to not include jargon.  Previous
studies have shown that the spontaneous and informal element present while
writing science blogs are one part of their success (Freddi, 2020), something
that also might strengthen this speculation. To what extent Twitter, as a social
medium, really contains a low amount of jargon in an attempt to reach out to
a wider audience is however unknown and needs to be investigated.

To summarise, social media is considered a place where interaction with
the general public can take place, the phenomenon is dynamic in its nature
and  up-to-date  analyses  are  always  necessary.  The  problem  is  that  the
outreach  process  might  not  be  successful  if  the  vocabulary  used  is  not
adapted  for  a  non-specialist  audience.  If  the  message  in  the  tweet  is  not
understandable for its intended audience it will not be transmitted correctly
and no real research dissemination have occurred. Notions like this can also
undermine the value of the metrics measuring this kind of impact. 
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1.2 Research gap, aim and research questions

The  aim  of  this  study  is  to  investigate  how  scientific  content  are
communicated on the social media platform Twitter, and to explore what kind
of features are used in order to invite the general public to engage in the
topics. 

Twitter is one of the platforms available for researchers and scientists to
disseminate their results and communicate with lay-people. It is a platform
for  communication  where  recommendations  and  linking  are  prominent
features, the latter especially for tweets with scientific content (Büchi, 2017).
Often it is only the title of the scientific article that makes up the content of
tweets linking to these sources, something that has been noticed in earlier
studies (Thelwall 2013). A similar analysis will be conducted in this project;
the  previous  studies  are  however  not  a  hindrance  since  one  of  the  most
distinctive features of social media is its changing nature, and the research
dissemination  practice  is  no  exception.  It  has  been  suggested  in  earlier
research that proficiency and domain knowledge in the topics tweeted about
can  be  an  advantage  in  this  kind  of  analysis  (Büchi,  2017;  Holmberg  &
Thelwall, 2014), and since I have a PhD from the Faculty of Medicine with
focus on gene and genome evolution the datasets chosen for this study will be
familiar to me.

Comparisons of the content of tweets are not often conducted in Twitter
research,  and  to  my  knowledge  there  exist  no  studies  describing
interdisciplinary  differences  in  the  practice  of  what  additional  content  is
included  while  tweeting  links  to  scientific  articles.   Other  research  have
shown that almost half of embedded links are never clicked on (Fang, Costas,
Tian, Wang, & Wouters, 2021), but this without any discussion about how the
content of the tweet, besides the links themselves, influenced the tendency to
click. 

Some studies also define scholarly or scientific tweets as only those linking
to a research article (Joubert & Costas, 2019). This limits the tweets used in
the  analysis  in  contrast  to  this  investigation  where  all  tweets  containing
specific scientific query terms are included. 

One  way  to  investigate  attempts  to  interaction  with  the  readers  is  by
analysing  the  vocabulary.  This  has  been  done  for  academic  blogs  where
interdisciplinary differences were detected (Zou & Hyland, 2020). I have also
found one study where detection and discussion of metadiscourse markers in
tweets occurred, however, the Twitter data used in that study covered tweets
from two specific academic conferences and not research dissemination and
scientific tweets (Luzón & Albero-Posac, 2020). 
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Taken  together,  a combination  of content  and vocabulary  analyses  will
hopefully be able to answer the following research questions.

RQ1 How prevalent is the use of scientific jargon in tweets 
with scientific content?

RQ2 What kind of information do the tweets with embedded 
links and scientific content contain?

RQ3 Using Twitter data as an example of research 
communication, what differences are possible to see in 
the vocabulary used between scientific topics?

1.3 Outline

This master thesis includes a literature review divided into three parts giving
an overview on how to research Twitter, what researchers themselves do on
Twitter, and how vocabulary usage in science communication is studied. The
following section describes in more depth the concept of metadiscourse, with
focus on the stance and engagement model used in this study. The material
and methods section gives both a description of the different datasets used in
the analyses, and explanations of the methods used. The results from each
method are thereafter presented and analysed in the following section. The
master thesis ends with a discussion where the results are the main focus but
both the methods and limitations are discussed as well as conclusions and
future research. 
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2. Literature review

Research covering Twitter, research communication and vocabulary use are
large  fields.  This  literature  review  focuses  on  three  main  areas:  the  first
touches  upon  how  to  research  Twitter,  including  examples  of  different
approaches that can be taken while studying, as well as know methodological
problems  and  other  obstacles  important  to  take  into  consideration.  The
second part includes an overview of what is know about what researchers do
on Twitter, how they act, why they are there and what the benefits are. A brief
overview of the concept of altmetrics is included in connection to this. The
third  part  examines  some literature  regarding research  dissemination  with
focus on information written and spread by the researchers themselves via
blogs,  popular  science  articles,  or  Twitter,  and mainly  covers  articles  that
address the use of adjusted vocabulary in research dissemination.  

2.1 Researching Twitter 

Twitter has been a research subject for some years now, but a large part of the
research done still include method development as a more or less explicit part
of the aim of the study. The main considerations in this respect involve what
can be studied, what are the best ways to analyse the data, and if it is possible
to  get  representative  samples  and  thereafter  formulate  generalised
conclusions. 

2.1.1 Collect data

From a technical point of view most studies use the Twitter API in order to
get access to the tweets (Gaffney & Puschmann, 2013), how to select which
tweets to use in the analysis differs however from study to study. The method
chosen depends on the objective of the study in question,  and can have its
starting point in the tweets themselves or the users of Twitter.  

For the latter approach is  it possible to start by identifying a handful of
users, and thereafter collect the followers and the followers followers. This
has been done while for example investigating the differences in tweeting
practice between research disciplines (Holmberg & Thelwall, 2014) and also
in order to examine  who is reading tweets with scientific  content (Côté &
Darling,  2018).  A similar  approach  was  used  in  a  study  by  Schmitt  and
Jäschke (2017) where  attendances  to  computer  scientist  conferences  were
used in order to collect a selection on Twitter users from that profession. It is
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also possible to analyse the tweets, their reception and responses from just
one  user,  which  has  been  done  for  the  prominent  Twitter-profile  Neil
deGrasse Tyson, an American astrophysicist (Denia, 2020). 

The other main avenue in order to collect data for Twitter research is to
focus on the content and use specific keywords to select the tweets to study.
These  keywords  can  be  retrieved  in  different  ways,  one  is  to  utilise  the
concept of hashtags and use them as hook to collect the tweets of interest,
while  for  example  investigating the  Twitter-use  at  academic  conferences
(Luzón  &  Albero-Posac,  2020) and  how  a  specific  scientific  topic  are
discussed  (Haunschild, Bornmann, Potnis, & Tahamtan, 2021; Haunschild,
Leydesdorff, & Bornmann, 2020).

Another way is to extract keywords of interest from other sources and then
use them as query-terms while retrieving tweets. These external sources can
be from the academic world, such as topics discussed in a restricted selection
of research papers  (Haunschild et al., 2020) or other lists of both keywords
and key terms used in specific disciplines (Della Giusta et al., 2021). It is also
possible to collect words present in contemporary online news, and use those
as query-terms on Twitter, which has been done in order to investigate how
current issues are discussed in social media (Büchi, 2017).

In  order  to  get  a  fuller  picture  of  conversations  on  Twitter  it  is  also
possible,  and  necessary  to,  collect  data  from  both  hashtags  and  users
simultaneously. Using this method facilitates the study of conversations as
well as subconversations and follow-on conversations  (Lorentzen & Nolin,
2017). 

 The  service  altmetric.com  (altmetric.com,  n.d.) collects  altmetric
information and via  that route is  it  possible  to retrieve tweets mentioning
scientific articles and thereafter analyse both the users behind the accounts as
well  as  the  tweets  themselves  (Didegah,  Mejlgaard,  &  Sørensen,  2018;
Joubert & Costas, 2019; Mohammadi et al., 2018). A version of this is not to
use  the  altmetric.com but  instead  select  a  number  of  articles,  collect  the
URLs for each article and thereafter use these URLs as query terms while
extracting tweets for analysis (Klar et al., 2020). 

2.1.2 Analyse data.

Beside  the  different  ways  to  collect  data  there  are  also  several  ways  to
analyse  data,  as  well  as other  ways  to  study  Twitter  besides  the  tweets
themselves. 

The Twitter users, their behaviour and reasons for using the platform have
been  studied  in  surveys.  Questionnaires  have  been  aimed  at  followers  of
active researchers  (Álvarez-Bornstein & Montesi,  2019), also Twitter-users
that have shared links to scientific articles have been studied (Mohammadi et
al., 2018). Questions about Twitter usage in relation to scientific content have
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been part of larger panel studies investigating social media usage in general,
and this data can and have been extracted and analysed separately (Hargittai
et  al.,  2018).  Related to  these surveys are studies investigating the digital
behaviour  of the users by investigating to  what  extent  links embedded in
tweets are actually clicked on, and thereby giving indications on what content
awakes  interest  enough to  continue  reading  somewhere  else  (Fang  et  al.,
2021).  

Analyses of the content of tweets can and have been investigated in several
ways and with different focus. These content analyses can be performed by
manual coding of selected samples of tweets and the general message – what
the tweets are communicating is noted (Holmberg & Thelwall, 2014). Other
studies  use  the  same  manual  process  but  focus  on  how  the  message  is
communicated  instead,  for  instance  by  observing  the  use  of  emojis  and
emoticons (Luzón & Albero-Posac, 2020). Hashtags also have been the focus
in content analyses; due to the special structure it is possible to automatically
extract them from larger datasets  (Holmberg & Thelwall, 2014). The latter
types  of  analyses  are  connected  to  vocabulary  analyses  where  different
linguistic aspects of the tweets are studied. It is also common to use a more
automatic approach as the first step in vocabulary analyses in order to get the
frequencies  of  the  most  commonly  used  words.  Studies  following  this
strategy  have  investigated  the  difference  in  vocabulary  between  research
disciplines  (Della Giusta et al., 2021), as well as concluding that emotional
content in tweets gives more responses from the followers (Denia, 2020). The
latter study used the Tidyverse packages (Silge & Robinson, 2017; Wickham
et al., 2019) further described in the methods section. Large scale frequency
analyses have also been used as a tool  while comparing co-occurrence of
words  in  online  news  with  those  describing  the  same features  on Twitter
(Büchi, 2017). More descriptions and references to vocabulary analyses are
available in the theory section below.

Another popular way to analyse Twitter data is by doing network analyses,
which  has  been  done  on  topic  level  where  often  differences  in  keyword
network  structure  between  research  articles  and  tweets  are  investigated
(Haunschild et al., 2021, Haunschild et al., 2020). Similar comparisons have
been performed between news articles and tweets  (Büchi, 2017). It is also
possible to use networks in order to describe Twitter on other levels, both
when describing the relation between words within tweets  (Della Giusta et
al., 2021), and networks of the mentions in a dataset (Büchi, 2017).  

These  networks  of  mentions  are  connected  to  what  is  described  in  the
beginning of this section, different methods used to study the users of Twitter.
Beside  the  mentions,  retweets  and  URLs  are  also  investigated  in  several
studies in an attempt to describe datasets of tweets and get a clearer picture of
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both content, users and user practices  (Büchi,  2017; Didegah et  al.,  2018;
Fang et al., 2021; Holmberg & Thelwall, 2014).

2.1.3 Problems and obstacles

The main problem when it comes to Twitter research is questions about if a
sample  can  be  considered  representative  and  what  the  possibilities  of
generalisation is. The problem with these concepts also occurs on different
levels. 

The first can be a question about geography and if it is possible to draw
conclusions about Twitter usage and behaviour of a large population. While
discussing this in a more world wide view it is important to remember that
Twitter is illegal in some countries such as China, and other similar platforms
are used instead  (Mohammadi et al.,  2018). There exists, however, studies
that try to include a geographic component in the research, in order to map
possible  differences  in  usage  from  different  parts  of  the  world,  and  the
geolocation  can  be  done  using  different  methods.  It  is  possible  to  get  a
geographic location from the altmetric.com service, which was utilised in a
study identifying the regional pattern of Twitter users in Africa  (Joubert &
Costas, 2019). It is noted in the article that it is only a little more than half of
the Twitter users that have an assigned geolocation in that database. Other
studies have pointed out that Twitter  itself  offers a “superficial  distinction
between  countries”  which  limits  opportunity  to  generalisation  in  such
questions (Denia, 2020). 

Another  problem  related  to  the  discussion  on  the  possibility  to  draw
conclusions from these kind of datasets is the question about who is tweeting.
This is something that is continuously discussed in the literature and will be
touched upon throughout  this  study,  however  some general  issues  will  be
mentioned here. The first is how much influence the so-called bots, automatic
social media accounts, have on both the discussions occurring on Twitter and
the impact they have on the research results. The conclusion drawn from two
recent studies investigating different fields of research is that the bots are a
large  part  of  the  research  dissemination  process.  However,  their  tweeting
practices are not different than those of humans, so their influence of what is
distributed is limited (Didegah et al., 2018; Haunschild et al., 2021). Related
to this is the common practice of using Twitter as a way to promote one’s
own article. This kind of tweeting is conducted by both the authors, journals
and  publishing  houses  (Álvarez-Bornstein  &  Montesi,  2019;  Klar  et  al.,
2020). Scientific articles that only are tweeted about once have therefore been
considered  noise  in  some  studies,  and  been  excluded  for  the  analyses
(Haunschild et al., 2021; Haunschild et al., 2020).

Twitter is a social media platform and analysis of single tweets will always
only get part of the full picture – the replies, retweets and conversation are
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often missed while using keyword and hashtag queries. This is a problem of
incompleteness  that  has  its  base  in  the  reliance  on  the  API  provided  by
Twitter, which includes restrictions of how much data can be collected. There
also exist concerns that these constraints might in a way control the research
questions  asked  in  the  field  (Gaffney  &  Puschmann,  2013).  A general
awareness and discussion of what is captured and not captured in the datasets
is  therefore recommended in order  to put the spotlight  on these problems
(Lorentzen & Nolin, 2017).

A final troublesome feature while working with data from Twitter or other
social  media  is  its  changing  nature.  This  issue  is  partly  because  it  is  a
relatively new phenomenon; tweeting about research and linking to scientific
articles  this  way  is  still  a  growing  practice  in  some  areas.  One  example
mentioned in the introduction is the percentage of articles published by PLoS
(a publisher focusing on Open Access publication) that have been tweeted
have increase from 12% to 53% between 2012 and 2015  (Sugimoto et al.,
2017).  This  has  implication  for  the  evaluation  of  altmetrics  methods,  see
section  2.2.3 for more background and description, and the problems with
altmetric  measurements  and  older  articles  articles  have  been  discussed
(Thelwall et al.,  2013). It is not only what is posted that is changing with
time, how the content is presented has also changed. A transition from a more
formal  style  inspired  by  journalistic  texts,  to  a  more  spontaneously  and
relaxed tone can be seen for some disciplines (Della Giusta et al., 2021).

2.2 Researchers on Twitter

The  researchers present on Twitter, together with their activities, have been
studied and analysed in many aspects. This part of the literature review will
discuss who the users are, what they are doing on Twitter, and why they are
active  on  the  platform.  The  answer  to  the  latter  is  often  related  to  their
professional  roles  as  researchers  and  writers  of  articles.  Therefore  an
overview of altmetrics, its importance and relation to Twitter is also included.

2.2.1 Twitter users and interdisciplinary differences

One way of investigating the use of Twitter in the research community is to
map and characterise the researchers  that  utilise  Twitter,  who is  tweeting,
how they are describing themselves, how many followers they have and what
they are tweeting about.  This data  can then be compared to the scientific
community in other countries, regions, or research disciplines. Or it can be
used  in  order  to  approximate  the  potential  influence  the  owners  of  the
accounts can have  (Joubert  & Costas, 2019). The mapping itself has been
done by collecting data from the information announced in the biographical
description  on  the  Twitter  account  (Joubert  &  Costas,  2019),  or  by
conducting a more in-depth study using a survey (Mohammadi et al., 2018).
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Also more personal reflections and comments have been given by researcher
regarding Twitter usage (Britton, Jackson, & Wade, 2019).  

World-wide  comparisons  have  shown  that  North  America  and  Western
Europe dominates the Twitter scene when it comes to the origin of tweets that
concern research articles, a conclusion that also is in line with the number of
articles  produced  (Joubert  &  Costas,  2019).  Besides  these  geographical
difference the usage pattern between disciplines and research areas has been
investigated. In one study the number of retweets was used as an indicator of
scientific communication on Twitter and it was concluded that users from the
field of biochemistry were most prone to promote and share research using
that function (Holmberg & Thelwall, 2014). The concept of retweeting have
however also been described as mechanical and as a sign of lack of intent to
conversation and communication (Robinson-Garcia, Costas, Isett, Melkers, &
Hicks,  2017).  Interdisciplinary  differences  have  also  been investigated  by
looking at the type of vocabulary used in the tweets. There it was noted that
scientists  used  a  more  informal  language  and  style,  including  usage  of
multimedia  features,  compared  to  economists  (Della  Giusta  et  al.,  2021).
Differences between scholars from different parts of academia in regard to
their  use Twitter  have also been detected,  this  by investigating the use of
keywords and hashtags in searches as well as how they find new accounts to
follow  (Mohammadi  et  al.,  2018).  The  activity  on  Twitter  can  also  been
measured by counting the number of clicks on embedded links. This has been
done as a comparison between disciplines, where the clicks on links to Web
of  Science  listed  publications  were  investigated.  It  was  seen  that  Social
Sciences  and  Humanities,  Biomedical  and  Heatlh  Sciences,  together  with
Life  and  Earth  Sciences,  had  more  clicks  than  the  STEM-disciplines
investigated (Fang et al., 2021).

Related  to  interdisciplinary  differences  is  if,  and  how,  interdisciplinary
communication occur. This kind of communication is considered generally
rare  (Ke,  Ahn,  & Sugimoto,  2017),  however,  recent  survey investigations
have  concluded  that  knowledge  transfer  between  disciplines  do  occur  on
Twitter  (Mohammadi  et  al.,  2018) and this  might  therefore  be  a  growing
practice. 

2.2.2 Twitter usage

One specific aspect of researchers’ activity on Twitter are questions regarding
the reasons why they are using the platform. Despite the fact that Twitter is
part of what is generally known as social media,  many researchers use the
platform in their work. Mappings of the times when tweets are posted have
shown that computer scientists use it during workdays  (Schmitt & Jäschke,
2017). The borders between personal and professional is nevertheless, like in
other social media, somewhat diffuse where engagement from the researcher
is based on personal interest (Büchi, 2017; Sugimoto et al., 2017). Twitter has
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been considered as being a possible help during all stages of the development
of an article, including as a way to connect to old collaborators or find new
ones, finding inspiration and methods for analyses in the form of articles –
and finally as a tool to disseminate the final product  (Britton et al.,  2019;
Côté & Darling, 2018; Klar et al., 2020).

It  is  not  only  collaborations  for  specific  research  projects  that  can  be
initiated  via  Twitter.  The  platform  is  also  seen  as  a  way  to  find  a  new
employment  (Álvarez-Bornstein & Montesi,  2019),  and also as  a  tool  for
recruiting both students and staff (Britton et al., 2019). Twitter is considered a
place suitable to promote oneself and one’s work on, as well as building up,
and communicate within, a network of colleagues in an easy and informal
way.  One of  the  advantages  with  Twitter  often  mentioned  is  this  type  of
communication between peers, something that is considered to partly reduce
the needs of conferences (Britton et al., 2019; Mohammadi et al., 2018). The
conferences are however not forgotten on Twitter, a specific branch of Twitter
research  seems  to  be  about  the  use  of  Twitter  at  academic  conferences
(Luzón  &  Albero-Posac,  2020  and  references  therein).  These  studies
generally show that Twitter can be used as an announcement board in order to
promote the conference, as a way to publish last minute changes as well as
live-tweeting the talks on the conference. This area of Twitter research also
includes  studies  showing  how  material  tweeted  with  the  conference
participants as the intended audience can be spread and disseminated to a
broader  audience  and  the  general  public  (Letierce,  Passant,  Breslin,  &
Decker, 2010). Based on the vocabulary used, the predominating results are
however that  Twitter  is  a communication tool for the group attending the
conference, or the colleges unable to attend. 

The possibility to get up-to-date information via Twitter is not limited to
the  data  originating  from  conferences.  That  the  platform  facilitates  easy
sharing of articles, with and without comments, is something appreciated by
the  users  both  within  and  outside  the  academia  (Álvarez-Bornstein  &
Montesi, 2019; Mohammadi et al., 2018). More about how Twitter is used as
a tool for research dissemination will be discussed in section 2.3 below, but
its recommendations and comments opens the scientific discussion to a wider
audience (Büchi, 2017).

2.2.3 Altmetrics and Twitter

Altmetrics has been suggested to be both a complement and a replacement
for the traditional bibliometrics. The concept has its own manifesto where it
is  described  as  a  faster  and more  inclusive  way to  both  recommend  and
interact with scientific results  (Priem, Taraborelli, Groth, & Neylon, 2010).
These  types  of  communication  take  place  on  different  platforms  and  via
features  available  on  Internet,  such  as  blogging,  bookmarking,
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recommendations,  data  sharing,  comments  and other  similar  activities,  for
extensive reviews see  Sugimoto et al. (2017) and  Tahamtan and Bornmann
(2020). Altmetrics measurements can be in the form of views, downloads,
mentions  and  similar  actions.  The  service  altmetrics.com  calculates  an
altmetric  score  for  scientific  publications  in  an  attempt  to  summarise  the
social  media attention  (Costas et  al.,  2015).  It  has been suggested that  in
order for any altmetric measures to work it is necessary to include some sort
of  field-normalisation,  this  since both the general  interest  and size of  the
academic  audience  varies  between  disciplines  (Tahamtan  &  Bornmann,
2020). Also time has been highlighted as a factor that influences the altmetric
score; most articles getting this kind of attention are published the last ten
years (Costas et al., 2015).

The  connection  to  bibliometrics  have,  as  already  mentioned  in  the
introduction,  resulted  in  several  studies  investigating  the  presumed
connection between altmetrics score and number of citations  (Costas et al.,
2015; Thelwall et al., 2013) The changing nature of social media and time as
an important factor for altmetrics are acknowledged problems, and it has also
been  suggested  that  older  articles,  published  pre-Twitter  should  be
compensated  in  some (yet  unknown)  ways  when ranked  on search  pages
(Thelwall et al., 2013). With the caveat that the study presenting the statistics,
Costas et al. (2015), is on the older side, Twitter is the social media platform
that generates the largest amount of data while calculating altmetrics scores.
This means that it is more common that an article is mentioned on Twitter
than on Facebook. 

 One part of altmetrics that it is regarded more as a score of popularity and
actuality than impact, can be seen as a negative aspect, but also highlighted as
an opportunity to use it  as a  measurement  of interaction with the general
public. Altmetrics will then be one of the metrics to use in order to estimate
the societal impact of science,  something sought after from funding agencies
(Tahamtan & Bornmann, 2020). 

Twitter  was however in one study concluded to be of little value while
measuring  societal  impact,  in  contrast  to  Wikipedia  mentions  that  was
concluded to be more relevant  (Bornmann,  Haunschild,  & Adams,  2018).
Also in  other  studies  it  has been shown that scientific  articles  are  mainly
shared by, and among, researchers (Tahamtan & Bornmann, 2020). This is in
line with results  showing that  platforms like Mendeley and Figshare,  that
sometimes  are  included  under  the  social  media  umbrella,  have  a  clear
academic  user  focus  and  are  not  suitable  in  order  to  measure  research
dissemination (Álvarez-Bornstein & Montesi, 2019). 
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2.3 Dissemination, vocabulary and social media 

Research  dissemination  and communication  occurring  via  social  media  in
general, and on Twitter specifically, have been studied for several disciplines.
Often  the  focus  is  on  polarised  topics  full  of  opinions  such  as  vaccines
(Radzikowski et al., 2016)  or climate-change (Moernaut, Mast, Temmerman,
& Broersma, 2020).  These studies often include network and argumentation
analyses  of  Twitter-conversations,  due  to  the  dichotomized  nature  of  the
topics. Those are large fields in themselves and since neither these topics or
methods are used in this study it will not be included and discussed in this
part of the literature review. Instead a more general pattern of online research
communication  will  be  given,  including  examples  of  how  dialogue  and
discussion can be achieved, but not covering the aspect of controversies and
debates. This section will start with an overview of the concept of research
dissemination  and  communication,  followed  by  a  section  discussing  the
importance  of  awareness  of  the  presence  and  problems  with  jargon  and
specialised vocabulary in communication. The third part will cover literature
focusing on advantages and disadvantages with using social media as a tool
for research communication. 

2.3.1 Research dissemination and communication

As already mentioned in the introduction is it  considered important to see
research communication as part of a dialogue, something that also requires an
adaptation  of  vocabulary  in  order  to  increase  the  awareness,  interest  and
enjoyment  of  science  within  the  general  public  (Burns,  O’Connor,  &
Stocklmayer, 2003). The concept of seeing dissemination as an exchange has
however not always been the predominant view; the audience of lay-people
has long time been seen as a group lacking both knowledge of and interest in
the subject. Focus was at that time on one-way communication and education
(for a review see Hargittai et al., 2018). This change of view of what research
dissemination is and should be also includes one aspect that it is important to
see popularisation of science as an adaptation of the results. The result should
be changed and presented in a way that makes them  suitable in a different
context,  not  just  as  a  simplification.  Publication  in  media  that  enable
comments and other informal communication is considered to facilitate this
process (Burns et al., 2003; Luzón, 2013). 

The  emergence  of  social  media  has  changed  the  practice  of  research
communication,  and  the  focus  on  informality,  spontaneity  and  interaction
seems to be key features (Della Giusta et al., 2021; Freddi, 2020). It has also
been  shown  that  science  bloggers  are  utilising  the  linking  possibilities
embedded in the media in order to add extra information and explanations to
the  texts.  These  explanations  can  be  both  links  to  Wikipedia  articles  that
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explains basic concepts, as well as to other scientific articles in support of
opinions and claims written in the text (Luzón, 2013). 

2.3.2 Vocabulary and jargon

A  specialised  vocabulary  is  sometimes  called  jargon,  technical words,
academic words or low-frequency vocabulary. What defines and distinguishes
these concepts are discussed in different research areas, including linguistics
and  language  teaching  with  focus  on  English  for  academic  or  special
purposes.  While  attempting  to  create  a  universal  academic  vocabulary,  in
order  to help students in their  reading and writing,  it  was possible to  see
interdisciplinary differences  in both choice of words and slightly different
meaning of the same word.  With this  lack of  possibility  to  generalisation
instead the importance of context and the choice of suitable words for the
intended public was stressed (Hyland, 2007). 

In relation to this several studies have analysed the frequencies of different
words in the English language and divided them into groups necessary for
comprehension at different levels. It should be noted that there is a difference
between understanding written and spoken language. It is estimated that one
is required to understand around the 3000 most common word families for
spoken English, while knowledge about up to 8000 word families might be
necessary for a written text such as a newspaper. This has lead to a division of
word  families  into  high-frequency,  mid-frequency  and  low-frequency
(Schmitt & Schmitt, 2014). These kind of frequency calculations are the base
for  tools  like  the  jargon-detectors  described  in  the  method  section  below
(Rakedzon et al., 2017; Willoughby et al., 2020), and it is important to note
that the mid-frequency words are often overlapping with what in other studies
is called the academic vocabulary.  

The  importance  of  a  vocabulary  relevant  for  the  context  can  not  be
underestimated.  Studies  have  shown  that  scientific  jargon  limits  the
possibility to understand the described data (Bullock et al., 2019). 

Besides staying away from jargon there are also other linguistic features
one can use in order to be inclusive. As mentioned above openness and two-
way  communication  are  important  factors,  and those  can  be  achieved  by
choice of words (Freddi, 2020; Luzón, 2013). What factors in a text that can
be markers for interaction with the readers and by that promote proximity are
studied within the metadiscourse framework, something that will be further
described  in  the  theory  section.  One  main  common  feature  in  research
communication is the focus on the novelty of the findings, many texts starts
with  terms  such  as  new,  recent,  just  published, something  they  have  in
common with text written by journalists (Hyland, 2010). 
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2.3.3 Research communication on social media

Scientists often mention one main asset that Twitter has when it comes to
research communication, that it enables broadcasting of the research results
by  the  scientists  themselves  (Klar  et  al.,  2020).  The  possibility  of
communication with the readers and an interesting general public without a
journalistic filter is seen as one advantage (Peters, Dunwoody, Allgaier, Lo, &
Brossard, 2014). It should be noted that network analyses have shown that
despite these opportunities news media is present on the platforms, and the
information structure is similar to traditional ones with few central players
(Büchi, 2017).

Survey studies have revealed that a majority of the respondents agreed with
the statement that tweeting an article is part of its dissemination process, even
if  it  is  not  proven  to  what  degree  a  general  public  reads  such  tweets
(Mohammadi et al., 2018). Other studies have shown that it is mostly other
scientists, mainly from the same discipline, that follow scientists accounts.
One interesting finding was however that the type of followers depends on
the amount of followers. Accounts with many followers attract an audience
from all parts of the community, including media and decision-makers (Côté
& Darling, 2018). 

The content of a tweet is also something that influences how attractive a
subject is for the general public. Tweets with a scientific content combined
with an emotional component, or tweets that can be related to current social
and political issues, generate both more likes and retweets in comparison to
tweets lacking such aspects (Denia, 2020). This focus on emotions on Twitter
was also visible in a vocabulary comparison between how scientific topics
are  discussed  on  Twitter  and  online  news  respectively  (Büchi,  2017).
Analyses  of  how often  links  embedded  in  tweets  are  actually  clicked  on
further highlight the fact that Twitter contributes to the online visibility of
scientific articles but that in many case it does not evoke enough interest to
continue reading (Fang et al., 2021). 

It has also been shown that the keywords added to scientific articles can
influence  the  possibility  for  the  article  to  be  tweeted  about,  articles  with
general keyword had more tweets than those with jargon ones  (Haunschild,
Leydesdorff, Bornmann, Hellsten, & Marx, 2019). 
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3. Theory

Lay summaries are discussed by  Kuehne and Olden (2015) as one way to
invite  the community to  a public  dialogue about results,  and this  practice
would require that the scientists looked at their work from the outside and
adjust their vocabulary thereafter. This has later been tested using the De-
Jargoniser  tool,  which  showed that  the  amount  of  rare  words,  considered
jargon,  was  still  high  in  the  texts  that  are  aimed  at  a  general  audience
(Rakedzon et al., 2017). Despite of this drawback, the suggestion to introduce
lay summaries points to an assumption that also written text has an audience,
and  that  we  address  different  audiences  in  different  ways.  One  way  to
approach this  phenomena is  to  use  the  framework  metadiscourse. Hyland
(2005a) describes the rationale behind the development of metadiscourse in
the late 1950s as “a way of understanding language in use, representing a
writer’s  or  speaker’s  attempts  to  guide  a  receiver’s  perception  of  a  text.”
(Hyland, 2005a, Section 1.1 , para 1). 

3.1 A brief overview of metadiscourse

Metadiscourse is today considered the main approach while studying texts
written by academics and other specialists, and a corpus is often used in the
analyses,  this  compared  to  other  related  theoretical  frameworks  like
metapragmatics that use ethnographic and sociolinguistic methods  (Hyland,
2017). Despite, or maybe because of, its popularity the definition of where
the borders around what really is metadiscourse are debated. An overview of
different theories within the metadiscourse framework can be found in Ädel
(2006, chapter 7). It has been possible to distinguish two different traditions –
the  broad and the  narrow definition  of  metadiscourse,  where  the  latter  is
sometimes  called  metatext instead  of  metadiscourse  and  covers  only  the
textual function of the text, while the broader also include an interpersonal
function. These two views are sometimes called the interactive (integrative)
and the reflective (non-integrative) model  (Ädel, 2006; Ädel & Mauranen,
2010) where the former focuses on the interaction between the writer and the
reader. Not surprisingly the validity of such distinctions within metadiscourse
research tradition has also been discussed (Hyland, 2017).

The concept metadiscourse can be used to describe both the framework and
methods used to study a text, as well as being used to label the aspects of the
text, the specific words and phrases that signal interaction with a presumed
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reader.  The  use  of  the  term  in  the  latter  sense  is  something  that  differs
between the interactive and reflective model mentioned above, what kind of
expressions and wording that is considered marking a proper metadiscourse
event within a text (Ädel & Mauranen, 2010). In this context metadiscourse
can  be  described  as  follows: “the  linguistic  material  which  does  not  add
propositional information but which signals the presence of an author”1.

Although often large-scale, frequency-based analysis are conducted, it is
necessary to remember the importance of the context of the word, and this at
different  levels.  Metadiscourse  is  a  framework  that  studies  the  relations
between the writer and its reader in a specific context; the writer is aware and
familiar with the audience while formulating the sentences (Hyland, 2005b).
Context is present in a direct way in the analyses where specific words have
different  meaning  depending  on  the  neighbouring  words,  highlighting  the
importance of looking behind the word frequency lists (Hyland, 2017). 

3.2 Stance and engagement

Following the broader, interactive approach it is possible to identify and
classify words and phrases into metadiscourse groups that guide the readers
through the text in different ways. One such group, is as example, “the text
connectives” including sentence elements such as:  however, first,  as noted
earlier,  in  the  next  section.  According  to  Vande  Kopple,  (1985) these
connectives are one of seven types of metadiscourse that can be found in a
text. Not all of them will be discussed in this study it; instead focus on the
stance and engagement model presented by Hyland (2005b) as an attempt to
identify and classify signs of acknowledgement of the readers in academic
text,  and develop a  tool  suitable  to  study such interaction. The following
paragraphs are all based on the article by Hyland (2005b), if no other source
is indicated. 

As the name implies the model consist of two parts, the stance in which the
author is presenting oneself and declaring competence, and the  engagement
where the reader is recognised. The metadiscourse markers for stance can be
divided into four group: hedges, boosters, attitude markers and self-mention.
The hedges have been described as a way to recognise that other opinions in
the  subject  also  exist  –  and  also  inviting  others  into  the  discussion.
Expressions showing that the presented results are based on reasoning and
not direct facts are often used, such as suggest,  appear,  indicate, and likely.
Hedges  have  been  seen  to  be  common  in  all  disciplines,  but  are  more
frequent  in  what  Hyland  calls  the  soft  disciplines.  The  next  group,  the
boosters can be seen as the opposite to the hedges, the writers are displaying

1 This quote has been attributed to Vande Kopple (1985) in several instances, it is however
not possible to find this exact phrasing in that article. Nevertheless is the sentence 
informative and therefore used here.
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confidence and certainty,  and uses words like  demonstrate,  prove,  clearly,
and must. The attitude markers are placed in the text in order to signal a more
emotionally  component.  When  these kinds  of  expressions  are  used  a
connection with the readers is created. Scientific results can be described as
remarkable or logical, and a course of events can be labelled as unfortunately
or hopefully. The final group of words describing stance is self-mention, and
here it is possible to detect clear interdisciplinary differences. In line with
respective academic tradition are social sciences and the humanities  more
frequently using the first person pronouns compared to science. If the self-
mention classification is extended to also include  we,  us, and  our, it is also
possible to detect this practice with the STEM-disciplines. While analysing
these kinds of texts it can sometimes however be difficult to distinguish a we
as in “we in the research group” from a we as the writer and the readers. The
latter is namely one of the five groups describing how engagement can be
expressed in a text.

The engagement part in the model pinpoint the features included in a text
in  order  to  evoke  engagement  and  interaction  with  the  readers.  Hyland
distinguish five ways that this can be achieved in;  reader pronouns, personal
asides, appeals to shared knowledge,  directives,  and  questions. The reader
pronouns can  both  be  an  inclusive  we as  described above,  or  by directly
addressing the reader by using you/your, something not common in academic
text except for specific disciplines but more frequent when communicating
popular  science  (Zou  &  Hyland,  2019).  Personal  asides  are  comments
included in the text about what just been written, these kinds of expressions
are however rare in both academic articles as well as in blogs (Zou & Hyland,
2019). The concept appeals to shared knowledge are more common even if
disciplines  within  the  STEM-sciences  rarely  express  it  explicitly.  Words
expressing  this  shared  knowledge  can  for  example  be  conventional,
established,  traditional,  and  familiar (Hyland  &  Jiang,  2016).  In  the
directives group directions are given to the reader, and these can occur at
different levels. They can be directions on a physical level like laboratory
instructions,  or guidance of the reader through different sections of the text.
Also  more  cognitive  directions  helping  the  reader  to  follow  a  line  of
reasoning  can  be  present.  This  last  way  of  giving  direction  is  the  most
common and markers of this in a text can be  note,  consider,  suppose, and
compare. The final group of markers used to create a connection with the
readers  are  to  include  questions,  sometimes  rhetorical,  in  the  text.  This
practice  has  decreased  in  the  social  science  but  more  than  doubled  in
biological papers (Hyland & Jiang, 2016). 

Taken  together  the  stance  and  engagement  model  is  one  interesting
approach that can be used while investigating communication between author
and reader in written text.

25



26



4. Material and methods

As described in the literature review the use of Twitter can be analysed in
several ways and  originate from interest in both the tweets themselves and
the users. In this study both quantitative and qualitative methods were used
while  analysing  a  large  dataset  of  tweets  from topics  connected  to  what
sometimes is called the Life Sciences. Biomedical and health-related sciences
are often pinpointed as specific areas where science can have an impact on
people’s  life  (Tahamtan  &  Bornmann,  2020),  and  are  therefore  both
interesting and suitable to study in the context of research dissemination and
communication. Different aspects of health, for example digital health care
and health informatics,  have also before been of interest  and discussed in
papers from the field of Library and information sciences (Haunschild et al.,
2020; Larivière, Sugimoto, & Cronin, 2012). 

The  collection  of  tweets  analysed  in  this  study  are  parts  of  datasets
collected by the consortium Data4Impact (Data4Impact, n.d.). The choice to
use an already existing dataset can in some aspects be a limitation, since it is
not possible to use the optimal approach based on the research questions to
collect the data. The data was however retrieved by a research consortium, as
described in section 4.1, and has been used in other research project – so
there are no concerns regarding the validity of the approach used in collecting
the tweets analysed in this study.  

Combinations of manual and automatic classifications are common while
investigating  social  media  and  its  role  in  research  dissemination  (Denia,
2020; Freddi, 2020; Hyland, 2010; Zou & Hyland, 2019, 2020).  I chose to
follow this tradition,  and a combination of word frequency analysis and a
more qualitative approach was used in this study. The results were analysed
and  discussed  in  relation  to  linguistic  models.  In  addition  to  this  a
quantitative analysis of tweets with embedded links was conducted, together
with a content analysis of webpages the links pointed at and the content of
the tweets themselves. This approach is also in line with previous research
(Nelhans & Lorentzen, 2016; Thelwall et al.,  2013). However, even if the
same methods as these were utilized the content analysis itself was performed
using an inductive approach. In this inductive approach, sometimes called a
qualitative  content  analysis  and  in  contrast  to  a  deductive,  is  the  coding
scheme developed during the coding procedure (White & Marsh, 2006). 

All methods used will be described in more details in the sections below. 
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4.1 Data collection

The  datasets  used  in  this  study  were  generated  by  the  Data4Impact
consortium in order to by analysed as part  of their  research projects.  The
main aim for this consortium was to investigate the impact of research within
different parts  of society.  This with the background that large amounts of
money are distributed to researchers via the EU H2020 programme, and a Big
Data-approach such as  Data4Impact  could be one way of  monitoring and
estimating the effects of this research funding. By using different types of
data already available on the web it was considered to be possible to perform
such evaluation at a large scale (Pukelis & Stanciauskas, 2018). Impact of the
EU-funded research was investigated in three dimensions: the economic, the
academic and the societal, and all within research areas connected to Health,
Demographic  Change  and  Well-being  Societal  Challenge (Feidenheimer,
Frietsch, Schubert, & Neuhäusler, 2018). 

The tweets within the datasets were collected based on keyword queries;
these  keywords  were  generated  by  extracting  terms  from  finalised  EU
projects. These terms were then grouped together based on co-localization in
the  texts  in  order  to  generate  the  queries  for  each  topics.  For  a  detailed
description of this selection method see Nelhans, Papageorgiou, Pukelis, and
Demiros, (2020) and references therein. A full list of query-terms used for the
topics investigated in this study is available in appendix table A1. The tweets
were collected between February 2nd and March 3rd 2019, and the query-terms
can occur in the tweets themselves as well as in the URL or the metadata. 

4.2 Datasets

Data4Impact  collected tweets  from several  scientific,  health  related topics
within the Life Sciences. Scientists have in earlier studies displayed tweeting
practices including elements of an informal tone and other signs of attempts
to  outreach  (Della  Giusta  et  al.,  2021),  which  are  examples  of  features
interesting for this study.

  Four subject were selected for analyses in this study, two of them contain
scientific names, one of the model organism Caenorhabditis elegans, and one
of the bacteria  Staphylococcus. The third topic is also of a more specialist
type, mRNA expression, while the fourth consists of words such as species
diversity and phylogenetic tree – a vocabulary that might indicate a collection
of tweets aiming at a more general public. This sampling was done with the
aim to generate a good mix of topics and a base for interesting analyses and
results.  

The Twitter data is collected in areas I am more or less familiar with from
my previous professional career. This is an asset in this study, and might also
introduce  bias  in  some instances.  Hopefully  an  extensive  and  transparent
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description of the methods used will help to avoid any problem in that regard.
The  potential  advantages  of  having knowledge about  the  scientific  topics
investigated have been discussed in earlier research, in the context of content
analysis of tweet from different disciplines (Holmberg & Thelwall, 2014), as
well as while using co-occurrence of words in order to identify the subject of
the tweets  (Büchi, 2017). Based on my experience and expertise I have the
possibility to describe the chosen topics and speculate about what kind of
results  they  may  give,  concerning  the  topics’  inherent  attraction  and
availability to a general public. 

4.2.1 Caenorhabditis elegans/Neuromyelitis

As mentioned above  C. elegans is a model organism, it is a nematode – a
transparent,  one  millimetre  long,  wormlike  creature  with  short  generation
time and suitable for, among other things, investigating organ development.
Research  using  this  organism  was  rewarded  with  the  Nobel  Prize  in
Physiology  or  Medicine in  2002  (NobelPrize.org,  2002).  Neuromyelitis
optica,  the  other  query  term  for  this  topic,  is  a  rare  neurodegenerative
autoimmune disorder that affect the optic nerves, and is also called  Devic's
disease (NHS, 2020). 

The fact that this disease is paired with the query term C. elegans indicates
that some of the finalised EU projects (used as a corpus while extracting the
query terms, see section 4.1), have used the model organism while studying
the disease. It is however important to remember that the query terms are
formulated  with  “OR”-statements,  co-localization  of  the  terms  within  the
tweets was not required. This sampling method can therefore result in tweets
only  containing  the  C.  elegans term,  without  connection  with  the  health
aspect  and the  general  public  might  therefore  not  have  been  the  targeted
audience. 

4.2.2 Staphylococcus

Staphylococcus aureus is a bacterium, pathogenic to humans and causes a
variety of diseases, including bacteria in the bloodstream,  pneumonia and
skin infections. It is estimated that up to 30% of the human population are
carriers  of  S.  aureus,  primarily  in  the  nasal  regions. The  bacteria  is  also
known  to  be  antibiotic  resistant,  in  those  cases  often  called  MRSA,
methicillin-resistant  S.  aureus (Gnanamani,  Hariharan,  &  Paul-Satyaseela,
2017). 

Taken together this suggests that tweets regarding this topic could be of
interest  for  a  wider  audience,  opening  up  for  the  possibility  of  a  varied
vocabulary despite the scientific nature of the query term.
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4.2.3 mRNA expression

mRNA is one part of the transcription/translation mechanism and process that
takes place in our cells, the other two main players are DNA and protein. It is
possible to use a digital library as an analogy for how mRNA is related to
DNA and protein.  The cell  nucleus  can be  seen as  a  library  were all  the
information is stored as DNA, each book or journal as its own piece of DNA.
When a user borrows a digital book, journal, or article it is the copies of the
original file that are sent out from the library. In the case of the nucleus this is
the mRNA, short for messenger RNA. It can be seen as a blueprint which
describes how the finished product, the protein, should look like. Continuing
with the digital library metaphor the protein is the result if the user chose to
print the borrowed book.

The expression part of mRNA expression refers to how many copies that
leave the library at a specific time point. A popular item, or course literature,
might be borrowed 30 times during a couple of days, while a more obscure
article only once. This is also true for the cell, some proteins, and therefore
their mRNAs are in more demand than others, depending on what occurs in
and around the cell. 

Other query terms used while generating the dataset for this topic included
variants of the word “splicing”. Splicing can be described as when only some
chapters of the book are interesting One user might download chapter 1,2,
and 5 and at the same time another user wants 2, 5, and 8. This book has been
alternatively spliced and the same is true for mRNA, it is not always the full-
length mRNA that is of interest and only part of it is expressed.  

This is one example of how a subject can change over time. At the time of
writing this master thesis in the spring of 2021 mRNA based vaccines against
COVID-19 have been developed  (Bettini  & Locci,  2021;  Jackson, Kester,
Casimiro, Gurunathan, & DeRosa, 2020). This has resulted in an increased
interest  in,  and  maybe  also  increased  knowledge  of,  mRNA  and  its
expression. The general interest for this process was however not that large in
the spring of 2019 when the tweets analysed in this study were collected. 
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4.2.4 Species diversity/phylogenetic tree

This topic might seem diverse at a
first glance, with query terms such
as phylogenetic tree, species 
diversity, and evolutionary history
and variations thereof. However,
working in these areas it is
obvious how often the concepts
co-occur. 

A phylogenetic tree is a way to
illustrate relationships, where the
genes, species or lineages are the
leaves in the end of the branches,
shown in figure 1 (adapted from
Sundström, 2010).  The tree is a
hierarchical representation,
comparable to an XML-file with parents, children and siblings, but are often 
visualising the evolutionary history of the items.

The  connection  between  species  diversity  and  evolutionary  history  is
discussed  in  many  contexts,  among  others  how  the  present  and  historic
climate change influence species diversity (Theodoridis et al., 2020; Wilsey,
2020). How this process in turn will effect the human population (Considine,
Siddique, & Foyer, 2017) gives this topic an actuality and relevance for the
general public. This together with a general interest in fossils, dinosaurs and
other things related to evolutionary history open the possibility that this topic
contains a wide variety of tweets aimed at a diverse audience.

4.3 Methods

The  flow-chart  below  summarises  the  different  analyses  made  with  this
dataset, each method will be described in more detailed below. The bottom
right box indicate how the data will be analysed and discussed in the chosen
linguistic theoretical framework.
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Figure 1: Schematic phylogenetic tree. 
Proposed divergence times in million of years
marked with triangles. 



The statistical analysis method Log-likelihood was  applied throughout this
study while conducting comparisons between different datasets and subsets.
This method is suitable to use while comparing corpora (Rayson & Garside,
2000), and has been used in studies comparing use of engagement markers in
academic blogs (Zou & Hyland, 2020). In this master thesis a log-likelihood
calculator  was used  (Rayson,  n.d.),  which specific  significance  levels  and
thresholds used for this study will be discussed together with the results. 

4.3.1 Descriptive statistics and pre-processing

This  descriptive  step,  including  taking  note  of  how  many  tweets  were
retweets, contained URLs or mentions, served as a way to get an insight in
the characteristics of data available. It was also performed as an aid while
separating the data in subsets for further analyses. 

The division of tweets into those with and without  URLs was done by
sorting  them according  to  the  “expanded_urls”-column in  the  spreadsheet
containing  the  raw  data.  The  communicative  role  of  Twitter  has  been
discussed  by  Büchi  (2017).  That  study  included  descriptive  statistics
concerning  number  of  retweets  and  mentions  in  order  to  analyse  this
phenomena. Inspired by this study these concepts were also included in this
project. Using the spreadsheet sorting tool it was possible to note both the
number  of  retweets,  defined  as  tweets  starting  with  RT,  and  number  of
mentions – the tweets containing an @. 

The tweets were collected using sets of query terms as described above in
section 4.2. These terms were checked for jargon content by using the De-
Jargonizer (the method described in more detail in 4.3.2 below) in the first of
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Figure 2: Flow-chart with the methods and the order they are used in.



two preprocessing steps. Presence of one or several query terms in the tweets
were a requirement in order to be included in the dataset, and the query terms
for  each  topic  can  contain  one  or  several  words  classified  as  jargon.  By
removing these terms in this pre-processing step the differences,  or noise,
between the sets were levelled out before the comparison between the topics. 

In the second pre-processing step the URLs were removed from the tweets,
this due to the fact that pilot runs showed that “https” were marked as jargon.
Keeping  this  term  would  disable  the  possibilities  to  compare  the  jargon
content between tweets with and without URLs. 

I  did  not  remove  the  retweets  from  the  datasets,  since  this  study  is
supposed to  give  an  overview of  how the specific  topic  is  presented and
represented on Twitter. Keeping the retweets has implications; some tweets
will be repeated many times and could therefore dominate the subject, and by
that also the vocabulary. However, it is important to remember that this is a
snapshot of how the specific topic was ventilated on Twitter during the month
the tweets were collected in 2019 and a set collected any other month would
probably  give  different  results.  By keeping the  retweets  a  more  complete
picture of what was discussed will be captured, in comparison to the more
cropped picture one would get if each tweet only occurred once. 

4.3.2 Word frequency analysis

The vocabulary between tweets containing and lacking URLs, within each
topic,  was  compared  using  a  word  frequency  analysis.  The  analysis  was
conducted using R, and utilizing several packages from Tidyverse (Wickham
et  al.,  2019).  The  procedure  from  the  book  Text  mining  with  R:  A  tidy
approach (Silge & Robinson, 2017) was followed with some adjustments. In
this study for example all retweets were kept throughout the analysis. Before
the calculation of word frequencies some special characters were removed
together with stop words,  and the dataset was tokenised using a tokeniser
specialised on Twitter-data (Mullen, 2016).  This adaptation of the tokeniser
for tweets includes that hashtags and usernames, words preceded by an @-
sign, are preserved. The mentions, the usernames, were not of interest in this
study,  and would  only  introduce  unnecessary  noise in  the  data,  and were
therefore filtered out in a secondary step. 

4.3.3 Jargon detector

Jargon detectors are based on a principle of comparing the input text with a
reference corpus. This results in that the choice of datasets to be included in
the corpus is important and will influence the outcome of the analysis. The
tool used in this study, the De-Jargonizer, had its corpus constructed by using
the content from around 250 000 articles published on the BBC sites, with the
addition  of  the  American  spelling  of  the  words.  Using  this  strategy  the
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developers get a contemporary list of words that also includes the scientific
content  presented  on  BBC  (Rakedzon  et  al.,  2017).  The  corpus  is  also
continuously updated  and the user  interface  allows for  choosing a  corpus
from a time period appropriate for the text to be analysed.

The words in the corpus are divided into three classes: high-frequency that
occur more than 1000 times in the corpus as a whole, a mid-frequency class
with words appearing between 50 and 1000 times,  and the rare-frequency
words occurring less than 50 times that are classified as jargon (Rakedzon et
al., 2017). However, as mentioned in the literature review, it is important to
remember  that  many  words  in  the  mid-frequency  class  are  considered
belonging to an academic vocabulary in other studies  (Schmitt & Schmitt,
2014) and therefore are of interest in this study.  In connection to this it is
important  to  remember  that  it  is  single  words  that  are  analysed  and  not
phrases, which is something discussed by Willoughby, Johnson, and Sterman
(2020) together with the importance of putting the word into correct context.
Words like vacuum have different meaning if it is part of the phrase vacuum
cleaner or in a scientific article. There exist jargon detection tools where it is
possible to specify and flag phrases as jargon in the settings (Willoughby et
al., 2020). However, this requires a familiarity with the type of text and its
vocabulary, and not possible to apply on this diverse dataset. 

4.3.4 Content analysis

Ten percent of the total of number of tweets with URLs were chosen from
each topic for further analyses. They were randomly selected using a random
number generator based on atmospheric noise  (Haahr, 2021), and thereafter
coded  manually  in  two different  aspects  using  an  open,  inductive  coding
approach. The URLs were opened in a browser, and for any dead links a new
link  was  randomly  drawn,  this  under  the  assumption  that  all  links  were
working at the time of the writing of the tweets. It should be noted that some
tweets contain two or more URLs; when the input spreadsheet for this dataset
was constructed  only one of the URLs was parsed into a separate column.
This column was used in order to collect the URLs, however both URLs are
available  in  the full  text  of  the tweet.  The second included URL links in
several cases to another tweet. This might be the result  of using Twitter’s
relatively new quote feature. This is another type of interaction, other than the
retweets, although not investigated in this study.  

The first part of the coding noted the type of source the URL was pointing
towards,  using  an  iterative  bottom-up  approach,  inspired  by  the  method
described in Nelhans & Lorentzen (2016). The main procedure was to keep
the coding at a more detailed level at  first  and then summarise these into
broader categories which are presented as the results.
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The second aspect coded was in order to depict the content of the tweet.
The same inductive coding, without pre-defined labels was conducted also in
this  phase,  and just  as in the first  part  an iterative element  was included.
When  a  “new”  label  appeared  in  any  dataset,  the  previous  ones  were
rechecked, with focus on the additions. This whole two-layered process of
coding is similar to the one used by Holmberg and Thelwall (2014) in a study
investigating interdisciplinary differences in the use of Twitter.

In order to check for intra-rater reliability ten percent of all coded tweets
were analysed a second time one month later.  The results from the first and
second  coding  events  were  compared  and  the  Intraclass  Correlation
Coefficient  (ICC)  was  calculated  as  a  measurement  of  the  reliability.
Following  the  guidelines  presented  by  Koo  and  Li  (2016)  the  two-way
mixed effect  model with single measurement and absolute agreement was
calculated using the ICC function as implemented in the psych package in R
(Revelle, 2021). The two-way mixed model only evaluates the reliability of
the specific rater(s) that performed the coding in the current study, and the
results can not be transferred to other raters of the same dataset (Koo & Li,
2016).

4.3.5 Vocabulary analysis

Even though word frequency analysis adjusts for the size of the document
only the vocabularies of the two largest topics, mRNA expression and Species
diversity/Phylogenetic  trees,  were  compared  in  this  part.  As  illustrated  in
figure 2, section 4.3, tweets without any URLs were selected for this analysis.

The datasets were analysed in the same way as described in 4.3.2,  by using
the  Tidyverse  package in  R,  with  the  exception  that  stop-words  were  not
removed. This since many of the words signalling stance and engagement,
and are the  focus  of  this  analysis, are  considered  stop-words.  In  order  to
compare between the topics as well as with previous research the frequencies
were calculated as by 1000 words. 

Previous  studies  have  used  the  Stance  and  engagement model  while
analysing  both  academic  text  as  well  as  blogs  from  different  research
disciplines  (Zou  & Hyland,  2019;  Zou & Hyland,  2020) As  described in
section 3, Theory, the  Stance and engagement model consists of two parts,
the stance where the authors of the text put themselves and their opinion into
the text. The ways to express  stance  is something that has been shown to
differ between texts aimed at a professional or a more general public. Hedges
have been found present in both article and blogs, but are more frequently
used  in  blogs,  something  that  has  been  interpreted  as  a  response  to  the
presence of commenting fields directly below the post. The possibilities to
discuss the topic directly changed the way the results were presented (Zou &
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Hyland, 2019). Table 1 (and Appendix table A2) below contains a selection of
expressions of stance  detected and analysed in  Hyland, (2005b) and Zou &
Hyland (2019) combined with the listed stance features in  appendix B in
McGrath & Kuteeva,  (2012).  The words  in these lists  also present  in  the
topics mRNA expression and Species diversity/Phylogenetic trees were placed
in table 1 and the frequency of each type were calculated.

Table 1: Types and examples of “stance”.

Type Example

Hedges  Suggests, possible, likely, indicate, apparently, appear,
 knowledge, perhaps

Boosters  Extremely, obviously, demonstrate, prove, certain, sure,
 must, clearly, indeed, claim

Attitude markers  Promising, agree, disagree, important, interesting

Self-mention  I, we, our, us

The other part of the model, the engagement, refers to markers where the
authors connects, engage, the reader of the text. To include a reader mention
is the most common way to make this connecting; those mentions are more
common in academic blogs than in articles, and also more common in the
non-STEM disciplines  (Zou & Hyland, 2019; Zou & Hyland, 2020).  This
recognition of the reader can take place in different ways, and markers for
those  can  be  categories  as  shown  in  the  table  below,  summarized  from
Hyland, (2005b), Zou & Hyland (2019), McGrath & Kuteeva,  (2012) and
appendix 2 in Hyland and Jiang (2016), and selected based on occurrence the
same way as for the different types of stance. Since the list in the appendix is
so extensive only terms with five or more occurrences together in the two
topics were retained for analysis. 

Table 2: Types and examples of "engagement".

Type Example 

Reader mentions  we/our/us, you/your

Directives
 (to instruct the reader)

 Should, go, analyse, must, consider,
 demonstrate, consider, add *

Questions  ?

Shared knowledge  Usually, apparently, common, obviously,
 traditional, integrate, routinely

*these are the most common words detected in the datasets, a full list for all
words  used  as  markers  for  engagement  is  available  in table  A3  in  the
Appendix. 
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For the type questions the frequency of the number of tweets with question-
marks was calculated, instead of word frequency. Besides the types listed in
table 2 the type Personal asides is included as markers for engagement. This
type was excluded from this analysis, due to the fact that a specific content
analysis  would  be  required  to  investigate  these  aspects  which  was
unfortunately not doable within the time-frame for the study.  

In relation to the stance and engagement model is also the concept of creating
proximity to readers, and especially the detected differences while addressing
a  professional  or  general  audience.  The  second  part  of  the  quote  below
describes an interesting aspect that was further analysed in this study.

While it embraces the notion of interpersonality, proximity is a 
slightly wider idea as it not only includes how writers manage 
themselves and their interactions with others, but also the ways 
ideational material, what the text is ‘about’, is presented for a 
particular audience. (Hyland, 2010, p 117) 

On common denominator for both the scientific articles and the more popular
texts  were  the  importance  highlighting  novelty  (Hyland,  2010).  Based on
these results, the following terms were investigated and compared between
the  two  topics:  novel/novelty,  advanced/advancing,  important/importance,
recent/recently,  new/newest,  discover/discovering/discovery (these words are
also a listed in table A4 in the appendix). 

4.4 Ethical considerations

As  mentioned  earlier  the  dataset  used  in  this  study  is  part  of  a  larger
collection of Twitter data selected, retrieved, used and archived within the
frames  and  ethical  guidelines  for  the  research  consortium Data4Impact.  I
have  only  access  to  the parts  of  the  information  required for  this  limited
study,  something  that  follows  recommendations  regarding  how  to  handle
Twitter data in order to diminished the ethical implications (Ahmed, Bath, &
Demartini, 2017). 

Nevertheless, I have  in this study excluded the usernames in the examples,
this based on research showing that even if most Twitter-users feel indifferent
or positive with the fact that their tweets can be used in research, most feel
unease that their username should be shown in order to exemplify findings
(Fiesler  &  Proferes,  2018).  This  kind  of  anonymisation  is  not  always
practised, as example are the usernames included in a studies by Luzón and
Albero-Posac (2020) and Klar et al. (2020). That latter analysis was however
investigating the use of Twitter while promoting research articles, a subject
where the participants have used Twitter in outreach activities and a wide
dispersion of the tweets was the original intent. The examples used in my
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study  are  also  from  tweets  with  a  similar  intent,  to  spread  information
regarding recently published articles, courses and cures. All examples were
carefully  chosen  in  order  to  be  informative,  but  not  intrusive  or
compromising to the authors in any way.  However since I have not followed
conversations  or  performed  argumentation  analysis  this  have  not  been  a
problem. This links to a continuing and old discussion about if data published
on the Internet should be consider to reside in the public domain  (Pace &
Livingston,  2005).  It  has  also  been  highlighted  that  the  Twitter  user
agreement states that information can be used of third parties, something that
has been used as an argument to bypass the practice of informed consent. Due
to the large datasets often analysed in these type of studies is it also often
impossible to achieve the informed consent (Ahmed et al., 2017).

It should be noted that it is only via the texts in the tweets themselves that I as
a  researcher  have  access  to  Twitter  usernames.  The  usernames  are  only
presents in the mentions, texts where a user are addressed by the @-sign.
Usernames for the authors of the tweets are not available in the dataset, all
personal information was encrypted before the data was available for me and
each tweet and user have an anonymous ID-number instead. 

Both  older  and  newer  studies  have  concluded  that  using  data  from  the
Internet require some ethical discussion. If a general principle of protecting
the integrity of the participants are followed this kind of data can be used in
research. 
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5. Result and analysis

5.1 Descriptive statistics and pre-processing

The  four  chosen  topics  display  slightly  different  characteristics;  how  the
number of tweets within each subset differs is visible in Figure 3. The topic
C. elegans/Neuromyelitis clearly contains the smallest number of tweets and
also has a larger proportion of tweets with URLs in comparison to the others.

The  topic C elegans/Neuromyelitis is constructed by retrieving tweets with
the, at the first glance, disparate query terms: "caenorhabditis elegans" OR
"nematode  elegans"  OR  "neuromyelitis  optica".  The  frequency  of  these
words within the tweets were investigated together with the prevalence of co-
occurrence between them.  The term "neuromyelitis optica" occurs in 36% of
the tweets without URLs, and in 32% of those containing URLs. However,
the term never coincides with any of the terms describing the nematode. This
gives that the topic called  C. elegans/Neuromyelitis in this project probably
could be considered two separate topics. It will nevertheless stay as one topic
due to the fact that the tweets were retrieved as part of another project, with
different objectives. The topic  Species diversity/Phylogenetic trees is also a
combination of what can be query terms without connection to each other.
But as described in the methods section 4.2.2 these terms are interlinked and
can be, and are often used in the same kind of scientific research.
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Figure 3: Distribution of tweets, with and without URLs, in the 
investigated topics.



 

The  number  of  retweets,  RT in  each  topic,  for  both  the  tweets  with  and
without links, were also calculated and an interesting pattern was revealed
and is depicted in figure 4. Despite the intuitive thought that Twitter users
identify an interesting link and retweets it in order to spread it, the picture
seems to be the opposite.  

It  is  only  between  20-30  percent  of  the  tweets  with  URLs  that  are  a
retweet,  while  retweets  make  up  around  80  percent  of  tweets  lacking
embedded links. It should be noted that it is the functional links that count as
an URL in this dataset.  If the link-address in the tweet is partial and broken
the  tweet  will  be  categorised as  “without  URL”.  However,  for  these  four
topics  only  around  10  percent  of  the  retweeted  tweets  without  URLs
contained partial links, and this phenomenon does not explain the difference
in number of retweets. 

40

Figure 4: Percentage of tweets that are RTs (retweets), in all topics. 



The patterns for tweets with mentions follows the same pattern as for the
retweets, which is not surprising since they are often used in combination. A
retweet is often followed by a mention that gives the source of the original
tweet. One tweet can also contain more than one mention, which is visible
comparing figure 4 with figure 5, the mentions occur more frequently than
retweets. The mentions can also occur without a retweet something that might
also contribute to this number.
 
The first  pre-processing step included using the De-Jargonizer  in order to
detect  jargon  among  the  query  terms.  All  terms  for  the  two  numerically
smaller topics C. elegans/Neuromyelitis and Staphylococcus were marked as
rare:  caenorhabditis  nematode  elegans neuromyelitis  optica and
staphylococcus respectively.

The tweets for the topic  mRNA expression were collected using several
query terms, for a full list see appendix table A1.  As described in the method
section these terms consist of variants of the same terms. Below is the result
from the  De-Jargonizer  analysis  of  the  non-redundant  set  of  query  terms.
Words in the mid-range are in italics and rare in bold.

mrna expression levels decay splice site splicing alternatively 
spliced alternative variant variants, pre stability transcripts 
messenger rna binding gene protein 

Note that it  is  not possible  to use phrases as input in  the analysis,  which
means that despite the fact that some of the query terms were combined as
phrases,  like  “mrna  expression”,  the  words  will  be  considered  as  single
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Figure 5: Proportion of mentions, @, calculated against total number of 
tweets.



words.  As has been discussed before, it is important to remember that this
analysis  is  not  taking  the  context  into  consideration  when classifying  the
words  as  common,  mid,  or  rare.  The  word  “expression”  is  considered  a
common word but in the context of mRNA it probably had been more correct
to place it in the mid or rare category.

The same caveats are of course present while creating the non-redundant
set of query terms for the Species diversity/Phylogenetic tree topic. The result
after the content has been run in the De-jargonizer is shown below, word in
the mid-range in italics and rare in bold. 

species genus phylogenetic tree trees analyses analysis 
relationships diversity related distribution richness identification 
specific genera evolutionary history

Comparing these results it is possible to see that the two topics with larger
number of tweets, mRNA expression and Species diversity/Phylogenetic trees,
contain  less  jargon  in  their  query  terms.  This  strengthens  the  decision  to
remove the query terms from the tweets before topic comparisons.  

5.2 Word frequency analysis

The word frequency analyses can be seen as a mid-step between descriptive
statistics  and  a  more  in-depth  analysis.  The  figures  below  show  the
similarities  and differences  in  word use between tweets  with and without
URLs for each subject. Unfortunately it is not possible to print all words in
the comparisons in the figures, since they then will become unreadable. The
picture makes it however possible to get an overview of the data.
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Figure 6: C. elegans/Neuromyelitis, word frequency comparison. 



While interpreting figure 6 which displays the difference in word frequencies
for the topic  C.elegans/Neuromyelitis, it is important to remember that this
topic consists of a low number of tweets and that the distribution between
tweets with and without URLs is skewed, with more tweets containing links
than not. The words along the red line are as common in both categories, and
within these are the query-terms caenorhabditis and optica. In general most
words are present in similar frequencies in tweets with and without links. It is
also  possible  to  detect  the  word  “rt”  in  the  middle  to  the  right,  again
illustrating that the practice of retweeting is more common for tweets without
URLs. 

A similar  pattern  is  visible  for  the  topic  Staphylococcus in  figure  7.  The
query-term is present in both, since this also is a requirement for inclusion,
and the retweets are more common in tweets without links. It is interesting to
see that the hashtag  #mrsa together with the terms  methicillinresistant and
methicillin are  more  common  for  tweets  with  links.  Other  words  that
generally can be considered as “scientific” are also more common in those
tweets. It is nevertheless important to not only look at the frequencies but
also at the tweets behind. The word guys has a higher frequency in the subset
without links, however, all the tweets containing the word are retweets from a
tweet that had a link, and the links are incomplete for the retweets. 
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Figure 7: Staphylococcus, word frequency comparison



As seen in figure 8 the differences in word frequencies for the topic mRNA
expression  are not large and most of the words are present in both subsets.
Terms such as crispr, the name of a gene technology method, and #biorxiv,
the  hashtag  for  a  biology preprint  archive  and service,  are  unsurprisingly
more common in tweets with links. The word junk might seem to be out of
place in this context, however the word is part of the term junk DNA. This is a
term used in order to describe the parts of DNA not coding for proteins.
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Figure 8: mRNA expression, word frequency comparison



The last topic,  Species diversity/Phylogenetic trees displays a more diverse
frequency of words as seen in figure 9. It is also possible to detect the mix of
subjects  discussed within this  topic,  this  as  a  result  of  the wide range of
query-terms used to generate the dataset. It is again necessary to go back to
the text in the tweets in order to understand the occurrence of words such as
bavaria, where a petition about preserving species diversity in the region was
tweeted about;   and  artist,  present in tweets commenting on an artist  that
created an alphabet using tree species.  

5.3 Jargon detector

The  datasets  for  each  topic  were  pre-processed  as  described  above  and
subsequently analysed using the De-Jargonizer tool. Table 1 summarise the
results and it is possible to see that the percentage of rare words is higher in
the tweets containing URLs. Also words categorised in the mid-range are
present in a higher frequency in these tweets. 
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Figure 9: Species diversity/Phylogenetic trees, word frequency comparison.



Table 3: Number and percentage of words classified as common, mid or rare 
in the different topics. 

C.elegans/Neuromyelitis Staphylococcus

Without URL With URL Without URL With URL

No. % No. % No. % No. %

common 1314 69 2217 63 15491 68 8816 60 

mid 292 15 662 19 3173 14 2651 18 

rare 312 16 663 19 4050 18 3148 22 

mRNA expression
Species diversity/
Phylogenetic trees

Without URL With URL Without URL With URL

No. % No. % No. % No. %

common 66101 71 35274 65 97362 79 27415 75 

mid 16266 17 11082 20 18028 15 6220 17 

rare 10659 11 7733 14 8105 7 3163 9 

Results of the calculation of the Log-likelihood are presented in table 4. It is
calculated as a pairwise comparison of both mid- and rare-frequency words,
between tweets containing and not containing URLs within each topic. 

Table 4: Log-likelihood for mid- and rare-frequency words 

Log-likelihood

mid rare

C. elegans/Neuromylitis 8.74 4.25

Staphylococcus 97.50 62.67

mRNA expression 164.87 216.35

Species diversity/Phylogenetic trees 97.00 158.90

The null  hypothesis  is  that  there are  no differences  between the different
types of classes. The log-likelihood value should be compared to a critical
value  for  the  selected  threshold  of  significance.  The  critical  value  3,84
corresponds to the 5% level, and 6,63 to the 1% level. The results show that
the differences seen both in the number and percentage of mid- and rare-
frequency  words  between  tweets  with  and  without  embedded  links  are
statistically  significant.  This  is  true  also  for  the  topic  Species
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diversity/Phylogentic trees, despite the fact that this topic, compared to the
other topics analysed in this study, clearly contains a lower amount of rare
words.  

Despite the discovered differences between the two types of tweets is  the
overall picture that all tweets about these topics use a vocabulary that can be
considered  full  of  rare  words,  and  that  at  a  level  considered  not
understandable for the general public.

5.4 Content analysis

This content analysis was performed in two parts, first to identify which type
of source the link was directing the reader to. The second part was conducted
in order to put a label on the content in the tweet itself. Intra-rater reliability
was  measured  using  the  Intraclass  Correlation  Coefficient (ICC)  and  the
calculations  were  performed  for  each  part  separately.  The  type aspect
received an ICC of 0,92 with 95% confidence interval between 0,88 and 0,95
and thereby classified as having good to excellent reliability, based on the
interpretations suggested by Koo and Li, 2016. The corresponding values for
the content aspect were an ICC of 0,78 with 95% confidence interval between
0,68-0,86, and should be considered to have moderate to good reliability. 

5.4.1 Type of source linked to

Using  the  iterative  bottom-up  approach  it  was  possible  to  divide  the
sources linked to into six broad types or categories: scientific article, science
news, science related, news, social media and other. Scientific article is easy
to distinguish while the category  Science news includes, beside journalistic
science news, also science blogs and news for medical professionals. Science
related describes resource platforms for learning about science at all levels,
including  websites  from  university  departments  and  conferences.  This
category  focuses  on  education  and does  not  include  companies  that  sells
laboratory equipment or medicine. News can be both newspapers and blogs,
without an outspoken science focus.  Social media is more straightforward
with  Facebook,  Instagram  and  Twitter.  Some  tweets  in  the  dataset  also
contain links to Youtube, the classification of these depends on who posted
the  video.  The tweets  often  link  to  educational  videos  about  the  topic  in
question, and are therefore placed in the science related category. The Other
category  contains  links  to  charity  foundations,  organisations,  company
webpages and web discussion forums, the latter without any clear scientific
connection. 
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Figure  10  displays  the  distributions  of  types  of  sources  linked  to  in  the
different  topics.  These  distributions  are  visualised  as  percentage  of  total
number of investigated tweets in each topic. Note that the number of analysed
tweets differs between topics: n=184 for Species diversity/Phylogenetic trees;
n=269  for  mRNA  expression;  n=79  for  Staphylococcus;  and  n=20  for
C.elegans/Neuromylitis.  

Scientific  article is  the  most  prevalent  category,  except  for  the  topic
Species diversity/Phylogenetic trees;  in this topic most of the tweets instead
point at sources in the category  Other. This deviation from the other topics
can be explained by a number of retweets within that category. One tweet is
from the World economic forum regarding how a decrease in biodiversity
threatens  future  food  production.  The  full  URL includes  the  query  term
“species diversity”, as shown in (1)  and the tweet itself is formulated as in
(2).

(1) https://www.weforum.org/agenda/2019/02/future-of-food-under-
severe-threat-as-species-diversity-disappears-un?
utm_source=Facebook%20Videos&utm_medium=Facebook
%20Videos&utm_campaign=Facebook%20Video%20Blogs

(2) RT @wef: Wildlife:  Biodiversity:  Human population:    ⬇️ ⬇️ ⬆️�
Read more: https://t.co/s4te2PY6lB #environment #sustainability 
https://t…

In total 184 tweets (10%) were analysed in this topic and 31 of them were
retweets of either example (2) or a related tweet, from the same source and
with the same message in a different wording. The category  Other in this
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Figure 10: Distribution of the types of sources the tweets links to in the 
different topics. 



topic also contains examples of retweets that do not includes “RT” in the text
and is instead just a copy and paste of original text and link in a new tweet.
This means that these tweets are invisible in the descriptive statistic presented
above in section 5.1, but possible to detect while manually analysing a subset
like this. Together this formal and informal retweeting practice adds up to
more than half of the numbers of tweets in the Other category in this topic.

Overall  the distribution pattern is similar for all  the chosen topics,  it  is
however only two topics that seems to be interesting enough to be covered in
more traditional news media – and therefore gives the possibility to link to
such  a  source,  namely  Species  diversity/Phylogenetic  trees and
Staphylococcus. 

5.4.2 Content of tweets

As seen in figure 10  scientific article is the dominating type in  almost all
topics.  Within that type the title of the article is the most common content of
the tweet. Using the title as the tweet content is also the most common way to
refer to links in the news and science related categories. However, the title of
a blog post or a newspaper article is not always the same as the title on a
scientific article. This needs to be taken into consideration while interpreting
the results.

Tweets with a content described as title+comment is often a promotion of
an article, the tweet constructed after a formula similar to: “Our latest article
is now out + title + link”, see example (3) below with the title of the article in
italics. 

(3) New Preprint w/ @XXXX, X. XXXXX and @XXXXX: Stochastic 
gene expression influences the selection of antibiotic resistance 
mutations https://t.co/DptIbMcR5V

A tweet with a descriptive content can both be a short summary of the content
on the linked page, and a statement/description of something where the link is
supporting/expanding the content in the tweet, as exemplified in (4).

(4) A new CRISPR system, known as Mobile-CRISPRi, works by 
binding to DNA and blocking other proteins from gaining access 
and activating transcription, thereby reducing gene expression and 
protein synthesis. https://t.co/mYstjUAhe6

The  content  communication includes  conversations  together  with
invitations/information about upcoming seminars and conferences, as well as
commercial texts. Example (5) and (6) show two variants.
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(5) Are complex variants giving you a complex? Then join us for an 
educational webinar in which we demonstrate strategies for 
analyzing gene fusions, splice-site mutations, and co-occurring 
variants within the context of somatic cancer. Register here: 
https://t.co/JKAI3p18Hq 

(6) Eliminate staphylococcus totally from your system. For more info 
and order placing Call or Whatsapp: +2349065449561 To place an 
order online, kindly visit https://t.co/UnUKuI8r9G #libracin

It  is  worth  noting  that  tweets  with  a  communication content  and  of  a
scientific article type are often similar to  title+comment tweets. The title is
however excluded in the first case, see example (7), which changes the type
of vocabulary used, and might by that also change the understandability for a
general audience.

(7) So excited to see our new paper out, showing architectural stripes 
and their impact on gene expression and development! Big thanks to
@XXXXX, @XXXXXX and to all other co-authors! 
https://t.co/Ipm4Mm7axe

Figure 11 shows the different kind of content detected in the topic C. elegans/
Neuromyelitis. It  is  important  to  remember  that  this  is  the  numerically
smallest  topic  investigated,  leading to  few tweets  included in this  content
analysis. This together with the fact that this topic in reality is two separate
topics in this dataset, as shown in the descriptive statistic analysis (section
5.1), diminish the usability of these results. The conclusion possible to draw
from this topic(s) is nevertheless that it is dominated by titles from scientific
articles. 
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Figure 11: Content of tweets in the topic C. elegans/Neuromyelitis, n=20.



The topic  Staphylococcus displays a similar pattern, as shown in figure 12,
most of the tweets are just a notation of the title of the scientific article. The
links point to several types of sources, but the title is the predominant content
independent of the type, even if it possible to identify some tweets with a
more descriptive content.

The dataset for the topic mRNA expression consists of more tweets, and a
larger number of tweets were therefore analysed. The variety in content is
also larger compared to the previously described topics. Almost a third of the
tweets with links to scientific articles have a descriptive or communicative
content, and the same is true for tweets linking to science news. 
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Figure 12: Content of tweets in the topic Staphylococcus, n=79.



Communication is the most prevalent content for tweets pointing at scientific
resources.  It  is  mostly  promotion  for  different  courses  and  conferences
relevant for researchers in the discipline.

The most diverse topic when it comes to variation in content, as well the
type of source linked to,  is  Species  diversity/Phylogenetic  tree.  The many
tweets linking to sources of the category Other are mostly due to retweets and
have already been mentioned above. It is interesting to see that half of them
consisted  of  communication:  a  message was sent  out,  see  example (2)  in
section 5.3.1, and then spread by retweets. Just as for the mRNA expression
topic,  a  lot  of  the  content  in  the  science  related  type  can  be  coded  as
communication. The most common content for tweets with links to scientific
articles is still just the title, but it is also possible to detect more descriptive
content. A similar pattern can be seen for the science news type. 
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Figure 13: Content of tweets in the topic mRNA expression, n=269.



5.5 Vocabulary analysis

The frequencies of terms commonly used as markers for stance, engagement
and novelty were calculated for the topics Species diversity/Phylogenetic tree
and mRNA expression. The frequencies were also compared between the two
topics  and the  statistical  significance in  these comparisons  was calculated
using the log-likelihood.

The concept of stance can be divided into four parts,  each representing
different aspects. Some markers within the hedge group frequently used in
the investigated topics were suggest and likely. Example (8) shows how it is
used within the tweet; it is interesting to see that the text also contains the
word putative, a term that also can be grouped within the hedges category.  

(8) RT  @PNASNews:  A study  suggests a  putative gene-expression
hallmark  common  to  monogamous  male  vertebrates  of  some
species, namely dendrobati…

As shown in table 5 the use of markers for hedges are significantly more
common  in  the  mRNA  expression topic  than  in  the  Species
diversity/Phylogenetic tree topic, since the critical value for the 1% level is
6.63. This in contrast to the next two analysed groups, the boosters and the
attitude markers, where the word frequencies are similar in both topics.
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Figure 14: Content of tweets in the topic Species diversity/Phylogenetic tree, 
n=184.



Table 5: Topic comparison, markers of stance

Type Species diversity/
Phylogenetic tree
(per 1000 words)

mRNA expression
(per 1000 words)

Log-likelihood

Hedges  0.84  1.26  9.29

Boosters  0.87  1.07  2.29

Attitude  0.92  0.76  1.52

Self-mention  13.4  24.6  374.18

Certain,  demonstrate and  sure are some examples of boosters used in both
datasets,  while  important and  interesting are  commonly  used  attitude
markers. Example (9) shows the use of  certain as a booster, however it is
important  to  always  look  at  the  tweets  themselves.  This  since  the  term
certain is in many cases instead used in order to distinguish one group of
specimens from another, as exemplified in (10). 

(9) These aren't really optimal conditions, and certainly are well beyond
the  manufacturer's  recommendations  for  storage.  Not  all  mRNA
transcripts  will  degrade in the same fashion.  2)  There  is  a pretty
substantial difference in RNA quality from the extractions.  3/n

(10) RT  @NationalForests:  Did  you  know  that  certain tree  species
depend  on fire for their survival,  while others have evolved thick
bark to with…

The attitude markers can be used at a more detailed and technical level (11)
as well as in a more communicative manner (12). 

(11) Interesting to see the YY1 (transcription factor) and RMB25 show 
similar binding profiles, but experimental data suggest that the 
RMB25 is the key to start the interaction, followed by YY1. In other
words, binding of RNA binding proteins to RNA drives next DNA-
TF binding.

(12) RT @XXXXX: Interesting findings regarding how exposure to rat 
poison has affected the gene expression of bobcats and perhaps 
altere…

The last type of markers for stance are the self-mentions, including I, we, our,
and  us, and as seen in table 5 this is the most frequently type of marker of
stance used, and much more common in the topic mRNA expression than in
Species diversity/Phylogenetic tree. It should be noted that we,  our, and  us,
together  with  you and  your are  also  markers  of  engagement,  and table  6
shows that it is again more common in the mRNA expression topic. 
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Table 6: Topic comparison, markers of engagement

Type Species diversity/
Phylogenetic tree
(per 1000 words)

mRNA expression
(per 1000 words)

Log-likelihood

Reader mentions 8.39 22.6 776.64

Directives (to 
instruct the 
reader)

1.87 1.54 3.67

Questions 0.09* 0.05* - 

Shared
knowledge

0.84 1.25 9.25

*the number of questions is calculated as number of question-marks per number of 
tweets. 

The other markers of engagement investigated in this study are directives,
questions, and shared knowledge. Questions are not common in the dataset,
however  for  the markers  of  shared  knowledge the  difference  between the
topics is significant, while this is not the case for the directives. Examples of
directives are  should and  consider, and (13) gives a good example of such
directive.

(13)  People are great at confirmational bias and  compartmentalization.
Considering how much  longer  in  our  evolutionary  history  we've
been guided 100% by emotions rather than knowledge, it's amazing
we as a species can be rational at all.

Common and  routinely are some words used to signal shared knowledge in
the datasets, (14) below shows one example.

(14) @XXXXXX This  is  an  all-too-common vague  and  meaningless
question.  Please  specify  which  measure(s)  of  'biodiversity',
membership/definition of 'community', and which function (i.e. 'the
importance of vascular plant species richness for vascular plant GPP
in 1 m^2')

The last kind of markers investigated were markers of novelty. They are more
common for  the  Species  diversity/Phylogenetic  tree topic  than  for  mRNA
expression, and are besides reader and self-mentions the most frequent types
of markers, as seen comparing table 7 with table 5 and 6. New/newest are by
far  the  most  frequent  terms  used  in  this  regard,  followed  by
important/importance. 
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Table 7: Topic comparison, markers of novelty

Type Species diversity/
Phylogenetic tree
(per 1000 words)

mRNA expression
(per 1000 words)

Log-likelihood

Novelty 11.2 8.04 57.53
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6. Discussion

If one with research dissemination means spreading scientific result from the
academia out  to a more general  public,  this  study shows that  tweets with
scientific content and links are not fulfilling this criteria. A large part of the
tweets with embedded links, in all the four topics, contained only the title of a
scientific article and no attempts to explain the content of the link for lay-
people were made. A few of the tweets included a comment together with the
title, however – these comments were mostly still in the tone of a colleague-
to-colleague  conversation,  just  making  an  announcement  that  the  specific
article was available online.  Some institutions, departments and libraries as
well as publishers also used this type of shout-out and title construct in order
to promote available resources. This highlights that it is not only individual
scientists that use Twitter as a platform, it is also a common communication
way for the scientific journals themselves to promote new issues and their
featured articles. 

It  is  possible to  see a difference in  the amount of jargon used between
tweets  with  and  without  embedded  links,  but  in  general  the  use  of  rare
vocabulary is high in all the tweets discussed in this master thesis. On the
other hand reader mentions are common in the tweets, and these are generally
considered as markers for engagement, that the author in this way is trying to
communicate with the readers. This means that science is not only present on
Twitter  as  a  one-way promotion  of  article,  these  markers  for  engagement
shows that the intention to discuss different topics are there. 

In  this  final  section of  the  master  thesis  the research questions  will  be
discussed in relation to earlier research. The concept of investigating Twitter
and the methods used in this  study,  including its  limitations,  will  also be
examined.  The  discussion  will  end  with  conclusions  and  suggestions  for
future research. 

6.1 Representativity, generalisation, and limitations 

In  a  research  project  such as  this  we can  never  know who is  writing  on
Twitter, in part due to ethical considerations. In this specific project it can be
formulated like this: if we get little jargon in our jargon detector – does this
mean that there are scientists writing in non-jargon, or does it mean that non-
scientists writes about science? This kind of complication does not mean that
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we should refrain from doing this kind of research, but need to be aware of
the limitations while drawing conclusions.  

As mentioned above it is not only the author, and co-authors, to an article
that tweet about it; journals and publishing companies are also conducting
this practice. This habit has in previous research sometimes been seen as both
self-promotion and noise in the data (Haunschild et al., 2021; Haunschild et
al.,  2020;  Luzón  & Albero-Posac,  2020).  It  is  also  considered  a  problem
when discussed in relation to altmetrics, how much social media activity, or
interaction with society, does the score actually measure when it is just the
title  of  the  article  that  is  tweeted  –  either  by  the  author  or  the  journal
(Álvarez-Bornstein  & Montesi,  2019).  Nevertheless,  a  scenario  where  the
authors,  or  journals,  are  not  posting  tweets  about  their  own  research  on
Twitter, or other social media, would lead to even less research dissemination
and science communication. 

In this context of science communication the question of who is tweeting is
maybe of less importance than the content of the tweets. This means that the
answer to the question in the beginning of this section might not even matter.
The content of tweets will be discussed further in the next section, however,
who is tweeting can be interesting in other aspects such as representativity.
One  such  phenomenon  is  the  presence  of  bots,  automatic  social  media
accounts, that generate tweets. Previous research investigating tweets linked
to scientific articles about opioid research has found that these bots seem to
behave in the same way as human users, and they were not considered to
disturb the results  (Haunschild et al., 2021). It is also interesting to connect
the behaviour of the bots to the discussions about regarding the mechanical
behaviour  of  human  users,  scientists  and  researchers,  who  more  or  less
automatically  tweet  the  title  and  a  link  to  their  recent  article  (Robinson-
Garcia et al., 2017).

Connected to representativity is also the possibility of generalisation. It is
important to remember that the dataset is a snapshot of what happened during
a specific  month and a specific  year,  it  is  a  moment frozen in  time.  One
example  is  the  herbal  treatment  against  Staphylococcus infection,  a  story
originating from what it looks like an article in a Nigerian newspaper. This
story is present in tweets with several types of links in my analysis, not only
retweets of one original tweet but instead something that are mentioned in
different  ways.  Only  ten  percent  of  the  tweets  with  links  were  analysed
manually, in numbers 79 tweets for this topic, and a news story like this can
still be detected.  Even if this was not the type of content analysis this master
thesis  focuses  on it  is  a  good example  of  the kind  of  results  a  snapshot-
technique like the one used in this analysis can give. This study is based on
tweets from one month and it would be interesting to do the same collection
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from several months throughout a year. Then it would be possible to follow
how the discussions about a specific topic changes. 

Beside the above-mentioned limitations that are present in most kind of
Twitter research, there also are some specific details for the methods used in
this study that can be mentioned. The first is that “one get what one asks for”,
four different scientific topics are investigated in this study, how much and in
what ways these topics are presented, represented and discussed on Twitter
varies.  The datasets  were generated using query-terms and these naturally
have a great influence on the content of the tweets collected. Two topics were
retrieved  using  the  scientific  name  on  organisms  and  diseases:
C.elegans/Neuromyelites and Staphylococcus. As predicted in the description
of the datasets the interest was higher for the more common human pathogen
Staphylococcus, shown as a variety in types of pages linked to, as well as in
the content. The topic mRNA expression was collected using specialist terms,
and the  tweets  also had a  technical,  academic  content.  The topic  Species
diversity/Phylogenetic trees was collected using a wide range of query-terms
including both academic terminology as well a more common vocabulary.
This was also the topic showing the least  amount of jargon and the most
variable content.

While analysing text, regardless if it  is the content or the vocabulary, it
always comes back to the necessity of going back to the tweets and looking at
the words in context. This can be seen in this study in the vocabulary analysis
where word frequencies for specific words was used as markers for stance
and  engagement.  It  is  important  to  take  the  context  of  the  words  into
consideration when interpreting these results. One clear example of this is the
word certain that have different meaning depending on context.  

The lack of context is also an issue that needs to be discussed for the jargon
detector. It should be mentioned that the De-Jargonizer tool used here is not
developed as an analytical tool for research, but instead is supposed to be an
aid for researchers while writing text for the general public (Rakedzon et al.,
2017). The words are not analysed in their context and this means that some
words that  should be considered jargon,  such as  the  expression  in  mRNA
expression if the context was taken into consideration, will instead be labelled
as common.  

Nevertheless, since many of the patterns detected in this study are common
for all the topics studied it is still possible to draw some conclusions. 

6.2 Communication on Twitter

Even  if  neither  the  vocabulary  nor  the  content  in  the  tweets  live  up  to
requirements considered suitable for communication and outreach, it is still
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possible to detect the intent to communicate in the high numbers of retweets
and mentions in the datasets. The same pattern is seen in other studies where
it also was concluded that scientist seems to retweet slightly more than the
general  user,  and  were  including  links  in  their  tweets  much  more  often
(Büchi, 2017). No division of the tweets into link-containing and link-lacking
was made in that study, so it is not possible to see if the pattern detected in
this  study  regarding  the  relationship  between  retweets  and  links  was  the
same.  The  results  presented  in  this  study  are  interesting  since  they  are
consistent over the four investigated topics, despite the fact that the datasets
are of a different size. The lack of links in retweets might also be explained
by the fact that the retweets often are used in combination with a mention.
While creating the mention the @-character is used, and in most available
apps for Twitter the @ followed by an username is a link in itself.  It will
however take the user to the account and not to specific tweets. Nevertheless
it can still be considered communication and a direction to the link in the
original tweet, if the original tweet contained one. When discussing retweet
patterns  it  is  important  to  remember  that  tweets  generally  are  read  by
someone already following the author, or is a retweet by someone the reader
is following. Although it is possible to search for keywords and hashtags on
Twitter, this requires taking an active interest in the topic. In effect this means
that the readers and authors are part of the same network, and it is not clear
how often non-academics are part of the academic networks (Mohammadi et
al., 2018). Some studies have shown that the larger the (scientific) account is,
the more followers from outside academia it has (Côté & Darling, 2018). It is
important to remember that journals also are part of those academic networks
and are promoting their articles, as described above (Klar et al., 2020). 

The difference in retweet patterns between tweets with and without links
are  also  visible  in  the  comparisons  of  word frequencies  between the  two
subsets. Most of the words in these comparisons are however clustered in the
middle, with similar frequencies in both kinds of tweets. For some topics it is
possible to see a few more “scientific” words for tweets with links. The topic
Species diversity/Phylogenetic trees shows a more spread picture, probably
due  to  the  wide  range  of  subjects  covered  within  the  topic,  due  to  the
selection of the query-terms used to generate the dataset. It is also possible to
detect the temporal nature of the dataset, and how social media in general is
something that visualise the here and now. It has for example been shown
that most links to scientific articles that actually get clicked on, are clicked on
during the first two days (Fang et al., 2021). For the datasets analysed in this
study one can conclude that it is unlikely that the word bavaria would occur
at high frequency in other studies of the topic Species diversity/Phylogenetic
trees, but it gives a picture of how scientific topics can be, and are, discussed
in different contexts on Twitter. 
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A more scientific vocabulary used in tweets with links, compared to tweets
without, are evident using the De-Jargonizer tool. This is true for all topics
studied, even if the degree differed. It is not surprising that the topic Species
diversity/Phylogenetic trees consists of tweets using a lower number of rare
words compared to the other topics investigated. Already in the analysis of
query  terms  in  the  preprocessing  step  it  is  possible  to  see  that  a  more
common language is used. If the authors’ intent is that the tweets should be
suitable for, and aimed at,  the general public a lower percentage of words
from the rare- and mid-frequency classes is recommended, numbers as low as
2% are mentioned (Rakedzon et al., 2017 and references therein).  That it is
hard to achieve such low level even in texts that are explicitly intended as
popular science have been concluded in a study investigating so called lay
summaries. These summaries were introduced as a complement to the regular
abstract in order to facilitate research dissemination (Kuehne & Olden, 2015).
The amount of jargon in those were later analysed using the same jargon
detector as in this study (Rakedzon et al., 2017), with a result of around 8-
12% jargon for the lay summaries. These numbers are similar to the values
for  the  topics  mRNA expression and  Species  diversity/Phylogenetic  trees
analysed in this study, while the two topics with the most scientific query-
terms, C.elegans/Neuromyelitis and Staphylococcus are much higher with up
to 20% and over.  These numbers might not be as alarming as it seems, this
since it is again important to remember that Twitter works as a network. Most
users  that  reads  tweets  with  scientific  content  are  those  that  already  are
interested in the topics (Côté & Darling, 2018).

An explanation for this high amount of jargon can be found in the content
analysis. Most of the tweets only contain the title of the scientific article and
naturally the amount of jargon in these cases will be high. The detection of
the  practice  of  only  tweeting  the  title  of  the  scientific  article  was  not
unexpected since it has been seen in several earlier studies, as summarised in
Sugimoto et al. (2017). What might be a little surprising is the fact that the
content of these tweets have not changed more since the older studies were
conducted. Instead it looks like the practice of just tweeting the title is still
the dominant way of spreading the link, and maybe this practice is performed
more or less routinely as suggested by  Robinson-Garcia  et  al.  (2017) and
already mentioned in this discussion. 

Some  tweets  with  links  to  articles  do  however  have  the  construction
title+comment, and can be seen as signs of the wide use of Twitter as tool to
maintain  professional  networks  and  collaborations,  something  often
mentioned as  one of  the  main  reasons  for  using  Twitter  among scientists
(Britton et al., 2019; Mohammadi et al., 2018). That Twitter is used in this
way  can  also  be  seen  in  the  topics  mRNA  expression and  Species
diversity/Phylogenetic  trees where  it  is  possible  to  detect  tweets  with  a
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communicative content. This kind of content is mostly present in tweets with
links to different kinds of scientific resources, which can be online courses
and  tools,  workshops  and  conferences.  The  practice  can  be  seen  as  an
example of communication between researchers, a variant of the preaching to
the choir as it is described by Côté & Darling (2018). It also strengthens the
opinion that Twitter is used as a communication tool as described in earlier
research (Büchi, 2017). 

The contents of the tweets are similar for all topics, dominated by titles of
articles as well as the titles of science news and regular news. For the two
numerically  larger  topics,   mRNA  expression and  Species
diversity/Phylogenetic  trees,  it  is,  beside  the  communicative  content
described above, also possible to identify more descriptive content, both in
tweets linking to scientific articles and science news. It should be noted that
the  border  between  communication  and  description  is  sometimes  hard  to
draw. For a majority of the tweets that were differently classified in the first
and second round of content analysis were the discrepancies in the distinction
between these two categories. These potential missclassifications however do
not matter much in the overall discussions about the results. The interesting
thing is that it is possible to detect content in the tweets that are descriptive
with  an  intention  to  communicate.  Both  mRNA  expression and  Species
diversity/Phylogenetic trees are also the topics with a larger proportion of the
tweets  linking  to  science  news  and  science  blogs,  something  that  might
indicate a larger tendency to successful outreach within those topics. 

It  was  only  tweets  from  the  topics  Staphylococcus and  Species
diversity/Phylogenetic  trees that  had  links  pointing  to  regular  news,
something that can be seen as an indicator of the interest in these topics for a
wider  audience.  It  also  fits  with  the  suggestions  that  scientific  articles
covering topics considered relevant for society also generates more tweets
(Haunschild et al., 2021). The lack of links to news media in the topic mRNA
expression implies that this was a topic not discussed in media in early 2019.
One can only speculate that a collection of tweets during the same month in
2021 would give a different result, due to the fact that several of the vaccines
against COVID-19 are based on mRNA. A comparison between these two
years would probably illustrate the sometimes rapidly changing interest in a
good way. Instead it is a tweet highlighting the consequences a decreasing
species diversity can have for human food production that is in focus and
spread through retweeting. Earlier studies have shown that tweets where an
emotional  aspect  of the scientific  content  is  highlighted,  or tweets that  in
some other way are connected to current events or everyday life, generate
more  response  from  the  public  (Denia,  2020).  This  fact  may  also  be
connected to the beginning of this section, tweets with links are not retweeted
to  the  same degree  as  tweets  without.  Since  we have  seen  that  it  is  still
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common to only include the title of the scientific article in the tweet, and this
is  not  generally  considered  interesting  enough  for  a  larger  audience,  the
tweets are therefore not spread outside the limited circle. What a tweet or any
other mention in social media actually can say about the academic or societal
impact of an article are also commonly discussed in relation to altmetrics. In
these discussions the distinction between the public interest and the societal
impact is highlighted, where tweets are considered more often to reflect the
former and not the latter (Tahamtan & Bornmann, 2020).

In the analyses of the vocabulary using the stance and engagement model
the communication aspect of the tweets is also in focus. Here the two topics
mRNA expression and  Species diversity/Phylogenetic tree were compared to
each  other.  It  was  possible  to  detect  statistically  significant  differences
between  the  two,  where  the  frequencies  of  markers  for  both  stance  and
engagement were higher for mRNA expression in several cases. It is however
more interesting to discuss which markers that dominated in both datasets.
Self-mentions and reader-mentions both occurred in much higher frequencies
than all the other kinds of markers.  This follows the patterns seen for blog-
post where half the markers for stance and engagement came from reader-
mentions (Zou & Hyland, 2019). These kind of mentions were also present in
a dataset analysing tweeting in relation to conferences. The terms were there
used in order to engage in the conference, by submitting contributions before
the deadlines, or in discussions about the talks during the conference (Luzón
& Albero-Posac, 2020). This behaviour is also seen in the content analysis in
this  study where many tweets in the topics  mRNA expression and  Species
diversity/Phylogenetic tree had a communicative content.

Considering the use of the term  interesting and other attitude markers in
science blogs  (Zou & Hyland, 2019) it is a little surprising that these kind of
markers for stance and engagement are not more common than they are in the
investigated  topics.  Markers  for  novelty  occurred  on  the  other  hand
frequently, something also regularly seen in other types of popular science.
Novelty is often combined with the practise of highlighting the relevance of
the topic (Hyland, 2010), which also have been seen to increase the interest in
tweets with scientific content (Denia, 2020).

6.3 Conclusions and further studies

When it comes to research dissemination and science communication I think
this quote – part of the title of an article used in this study – summarises the
feeling: “Think about how fascinating this is” (Zou & Hyland, 2020). That is
what most scientists think about their topic, what they have chosen to study
and research. But even the most devoted scientist knows that the public can
not always feel the fascination about gene regulation in  C. elegans or how
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revolutionary it is when two species change places in the basal branches of
the phylogenetic tree of chordates. 

The topic  Species diversity/Phylogenetic tree was the topic with the least
amount of jargon in this analysis. The links included in this topic also points
at the most diverse number of sources, showing that it is a topic probably
discussed outside the academic circle both on Twitter and in other media. The
comparison of vocabulary use, following the stance and engagement model,
did however show that when it comes to both self- and reader-mentions they
were more frequently used in the topic  mRNA expression.  These kinds of
terms are considered as markers for engagement with the reader and could
be a sign of an attempt to outreach. It  might therefore be that part of the
diversity in the content and jargon for Species diversity/Phylogenetic tree is a
result of the wide range of material this topic covers.

Another conclusion from this study is that Twitter in many ways still is a
place  for  science  communication  between  peers,  colleagues  and
collaborators.  It  is  important  that  this  practice  is  accounted  for  in  studies
addressing  the  questions  discussed  in  this  master  thesis.  No  study
investigating Twitter  as a  platform for research dissemination and science
communication will  find content and vocabulary fully adjusted to suit  the
general public. This because the researchers and scientists are also part of the
social media, where they interact with each other, both in their professional
and private  roles.  Twitter  can and should not  only be seen as a  place for
communication from the academia and out,  it  needs to be looked at  from
several perspectives. It would therefore be interesting to do follow-up studies
with a more in-depth content, in order to try to identify the intended receiver
for tweets with a communicative,  or descriptive scientific  content.  If,  and
how, the vocabulary changes depending on these different kinds of readers is
also an interesting question.

As mentioned in the literature review, one drawback while investigating
Twitter using query terms is that it  is  only possible to capture part  of the
conversations. Considering the amount of reader mentions available in the
data-sets it would also be interesting and useful to extend the study to include
conversations.  Analyses  of  interactions  in  science  blogs  have  shown  an
interesting  difference  between  the  vocabulary  used  in  blog  posts  and  the
comments. The posts were both informing about the content as well as took
the role  as a moderator  by selecting topics and stimulate discussion.  This
while the comments included a high frequency personal pronouns, questions
and phrases signalling politeness (Freddi, 2020). Future studies using Twitter
conversations might show similar, or different results, and can be connected
to discussions about how different readers are addressed.
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The  current  COVID19  pandemic  have  in  several  ways  highlighted  the
importance of researching how science is discussed on Twitter. The pandemic
is  a  good  example  of  how  topics  related  to  the  everyday  life  of  people
generate the highest activity. When the general public got more interested in
science and scientific articles, the scientists and researchers suddenly had a
reach  outside their normal academic networks on Twitter. In times like this
when everyone can proclaim themselves an expert it is extra important that
people with the academic knowledge takes care in their choice of vocabulary.
It  becomes  clear  that  all  tweets,  even  those  that  might  be  intended  as
communication  between  peers,  can  be  misinterpreted  by  someone  not
familiar with the scientific language.

It also illustrates the changing nature of Twitter. One can only speculate
about what will be considered interesting in the future, an uncertainty that is
both a challenge and an asset while doing research. 
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Appendix

Table A1. Query terms used while generating the datasets

C. elegans/
Neuromyelitis

Staphylococcus mRNA 
expression

Species diversity/
Phylogenetic 
trees

 caenorhabditis 
 elegans

staphylococcus mrna expression species genus

 nematode elegans mrna levels phylogenetic tree

 neuromyelitis
 optica

mrna decay phylogenetic trees

splice site phylogenetic 
analyses

mrna splicing phylogenetic 
analysis

alternatively 
spliced

phylogenetic 
relationships

alternative 
splicing

tree species

splice variant species diversity

splice variants related species

pre mrna species 
distribution

mrna stability species tree

mrna species richness

transcripts genus species

messenger rna species 
identification

mrna protein species specific

rna binding species genera

gene expression evolutionary 
history

protein 
expression



Table A2. Words used as markers for stance

Hedges Boosters Attitude markers Self-mention

 apparently certain agree I

 appear claim disagree we

 indicate clearly important our

 knowledge demonstrate interesting us

 likely extremely promising

 perhaps indeed

 possible must

 suggest obviously

prove

sure



Table A3. Words used as markers for engagement

Reader mentions Shared knowledge Directives

 you apparently demonstrate

 your common assess

 we obviously calculate

 our traditional compare

 us integrate define

usually pick

routinely allow

apply

follow

classify

develop

imagine

estimate

remember

increase

determine

consider

add

must

analyse

go

should

Table A4. Words used as markers for novelty

Novelty

 novel/novelty 

 advances/advancing

 important/importance

 recent/recently

 new/newest

 discover/discovery
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