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Chapter 9

Working with social media data

Quantitative perspectives

Outline of the chapter

In this chapter we cover:

Choosing how to organise your material.

Moving beyond raw frequency in calculating results.

The challenges of concordancing social media texts.
Annotating social media corpora.

Analysing social media texts using concordancing software.
Visualisation tools and social networks.

Examples of social media text visualisations.

Choosing how to organise your material

Once the materials needed for a research project have been collected, as
discussed in Chapter 8, you are ready to organise and then analyse the data.
There are some practical concerns that are important to consider at the
initial stages of preparing to analyse social media texts from a quantitative
perspective. Some of these relate to the size of the datasets that the project
includes. Especially if the dataset is large, then it might not be practical for
the researcher to sift and search through this material by hand: using some
kind of computerised infrastructure can be useful. For example, as we saw
in Chapter 7, preparing and storing the collected materials in a package like
NVivo or Atlas-ti can enable the researcher to annotate the data with analytical
labels (based on the linguistic and contextual, dependent and independent
variables). This process can not only be useful for identifying themes that
emerge from the data; additionally the software can also count and sort those
themes to help the researcher identify the relative prominence of the patterns
in the data. Other alternative packages can include using software like a
Microsoft Excel spreadsheet to collate and then code examples, or you
might choose to prepare material with bespoke statistical packages like
SPSS or the open source package R. Once the researcher has stored their



Downloaded by [Lancaster University] at 11:38 21 March 2016

170 Working with social media data

material in a suitable format (for example, choosing the file format required
by the software), then they can begin to analyse the materials. The first step
is to annotate the data. This might include labelling parts of the data to
indicate that a particular linguistic feature is present (or not), or indicating
some of the features of the contextual variable (such as the demographic
characteristics of the participant, the type of text, number of people
involved in an interaction and so on).

A specialised form of analysis which uses particular forms of computing
infrastructure belongs to the methods of corpus linguistics. Most of this
chapter will consider the practical and analytical concerns that are involved
in preparing material for use in conjunction with concordancing software.
Those practical concerns include factors that need to be considered when
you are compiling and annotating social media materials. After this we
describe some basic steps that can be used in corpus linguistics to examine
social media texts, moving from simple searches which identify the
frequency of individual words in a text, to more complex forms of analysis
which compare frequencies across different corpora. We end the chapter by
giving some examples of how quantitative forms of analysis might lend
themselves to automated forms of representation as visualisation. Before we
move on to these more specialised concerns, we begin with some general
principles about quantitative analysis that also apply to working with smaller
sets of data.

Quantifying features: beyond raw frequency

In Chapter 8, we discussed the importance of collecting data to answer
quantitative research questions, by making sure that the variables in the
question matched the materials that were collected in type and proportion.
However, even if the researcher has specified certain elements of the data
collection with quantitative analysis in mind, there can be further factors
about the relative size and balance of the data to take into account once
analysis begins. This is true whether the scale of the quantitative analysis is
relatively small, or is large enough that it requires analysis with the help of
automated software like concordancing software. Imagine that the
researcher was interested in comparing the intensifiers that were used by
women and men when they posted Facebook updates (this was part of a
project that I, Ruth, carried out). The participants for the project were
selected based on parameters of gender and age, using a snowballing technique
to recruit participants who were outside my immediate set of contacts on
Facebook. Informed consent was negotiated with each of the participants,
until I had recruited ten women and ten men in each of five age groups (15-18
years of age, 19-21 years of age, 22-29 years of age, 30-39 years of age and
40-49 years of age). I then examined the ten most recent posts that the
person had published on their timeline at a given point in time (July 2008
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and then again in October 2010). But what I had not accounted for in my
data collection was that the women and men in different age groups would
write posts that varied in word length. In fact, in 2008, the total number of
words in the posts written by men was 3,627 while the total number of
words written by women in their updates was 3,220. In 2010, a different
pattern occurred, the total number of words written by men in their
updates was 4,146 and the total number of words written by women in
their updates was 4,407.

We could make some simple calculations from quantifying the size of the
data samples, such as generating the average number of words per update,
and we could go on to separate out the total word length so that the pattern
according to age and gender was clearer. It might also be important to
examine the word length of posts written by individual updaters so that the
variation in the length of the post within each category becomes clearer
(rather than just looking at aggregated scores). But just comparing the total
or average word length for the posts does not indicate how important the
difference in word length of posts is or whether it could be treated as
significant: to assess that, statistical tests would need to be applied. And
finally, just looking at the word length does not tell us anything about the
linguistic feature that the project set out to examine. However, establishing
the size of the dataset in terms of word length is important, especially if the
linguistic variable you intend to examine matches the grammatical unit of a
word (as opposed to a phrase, clause or other kind of unit).

Knowing the size of your dataset is important, because the raw fre-
quencies of particular items can be a misleading comparison if the different
sets of your data are different sizes. Imagine a more polarised (and fabricated)
example. Say we wanted to examine the intensifier so and found eight
examples in ten posts written by women and three examples in ten posts
written by men, but that the total word length of the women’s posts was
120 and the word length of the men’s posts was 45. The figures from this
imaginary sample could be summarised as in Table 9.1.

If we took the raw frequency of the intensifier (three and eight), or the
frequency of the intensifier per post (0.3 and 0.8 per post respectively for
men and women), then it would seem that women use so more often than
do men. But this comparison is misleading as the word length for the posts
written by women and men are different. If the frequencies of the intensifiers
are calculated as a percentage of the words in each part of the dataset, it

Table 9.1 An example of raw frequency in relation to word length

Gender Frequency of So Number of posts Total word length

Male 3 10 45
Female 8 10 120
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turns out that women and men (in this example) use the same proportion of
intensifiers. You can do this calculation for yourself to check: (8/120¥100)
and (3/45*100) both result in 6.67 per cent. In this case, the difference in
word length across elements of the dataset could be offset by converting the
raw frequencies to a percentage of the occurrences per number of words.
But other kinds of calculations might be appropriate if your linguistic variable
exists in units above the level of the word, or if your dataset is so large that
percentages are not the most sensible way of making unevenly sized data
samples comparable. The possibilities and problems that arise when you
might want to use a very large set of materials (like a corpus) are dealt with
in the remainder of this chapter.

The challenges of concordancing social media texts: making
your materials searchable

Chapter 8 introduced the concept of a corpus and considered the key issues
that arise when building social media corpora. Here we move the focus to
using a corpus to undertake linguistic analyses. Corpora are usually analysed
using software packages to carry out the counting, sorting and presentation
of language features. Some social media corpora contain bespoke search
interfaces (as does the Birmingham Blog Corpus and the Twitter Stratified
Random Sample). But other software can be used with a range of corpora,
which can be more useful if you are using specialised corpora that you have
developed for your own project. Commonly used concordancing systems
include the propriety software, Wordsmith Tools (hereafter Wordsmith)
Scott (2008), Wmatrix (Rayson 2009) and the freeware program, Antconc
(Anthony 2005). Each of the software can be used to create a concordance,
that is, an indexed list which collates all the instances of a searched for
word or phrase within the chosen materials. Of course, concordances are
nothing new: concordances have been created in previous centuries to
enable searches across lengthy print texts, such as the Bible. The con-
cordances created using software similarly collate (and quantify) words and
phrases, often presenting the results in search windows that contain the
concordanced lines in a vertical list with the search term (the keyword)
positioned centrally in its textual context. Figure 9.1 shows a concordance
for the search term sorry within a selection of Twitter posts, produced by
using Antconc (Anthony 2005).

Before being able to search a social media corpus using this kind of
software, you need to ensure that the materials in the corpus are in a
format that means they can be analysed. Some problems arise when
we need to process large volumes of these social media texts since they have
some peculiarities that make them challenging to process for quantitative
analysis. Sometimes there are textual features that need to be accounted for
or manually cleaned-up before the data can be analysed. Researchers
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c Tue, 26 Oct 2010 19:38:54 +0000 @MrStreetPeeper Sorry! Give it to someone special... Thu, 22 Jul 2010 0
un, 09 May 2010 04:02:51 +0000 @jennylennon We're sorry! We'll replace it and then some. Big fans. Email
canapparel.net? We'll figure this out for you. So sorry. Tue, 16 Feb 2010 23:59:51 +0000 @Crystalxx86é The
Angeles. Fri, 25 Sep 2009 00:45:24 +0000 @joodes Sorry to hear that. The thing is we aren't following yo
+0000 @ElenaH13 Are you trying to opt out? If so, sorry about that, we'll fix the emails. Thanks for the
cQIi Fri, 21 Aug 2009 00:49:09 +0000 @iamdavidray Sorry, we'll do what we can to fix this. Thu, 20 Aug 20
ug 2012 22:54:49 +0000 @CrystalSalmon Hi Crystal, sorry to see you're upset with us. If there is somethin
16 Aug 2012 21:37:56 +0000 @VivaLaChloe Hi Chloe, sorry to see you're unhappy with us. Let us know if the
u, 16 Aug 2012 20:08:10 +0000 @eBurtness Hi Eric, sorry for the inconvenience. If you need further assist
u, 16 Aug 2012 19:05:01 +0000 @anissiajackh We're sorry we couldn't satisfy your banking needs. Let us kn
u, 16 Aug 2012 19:02:24 +0000 @eBurtness Hi Eric, sorry to see you're upset with us. If we can help in so
Thu, 16 Aug 2012 16:36:33 +0000 @LilGApeachh Hi, sorry for your frustration. Let us know if there is som
Aug 2012 16:18:09 +0000 @robSoReal Hi Rob, we're sorry you're upset with us. Please let us know if there
u, 16 Aug 2012 15:43:29 +0000 @feanixA Hi, we're sorry you're upset with us. Please follow/DM us with ad
Aug 2012 14:59:49 +0000 @310and81Btutor Hi Megan, sorry you feel this way. If there's any banking questioc
Aug 2012 23:02:43 +0000 @SchwartzDaveJ Hi, we're sorry we couldn't satisfy your banking needs. Let us kn
(Wed, 15 Aug 2012 22:59:00 +0000 @MonumentalAK Hi, sorry for your frustration. Let us know if there is a b
, 15 Aug 2012 21:53:06 +0000 @alotajenny Hi Jenn, sorry to see you're unhappy with us. If there is someth
P Wed, 15 Aug 2012 2

@ o

RS

50:18 +0000 @serenpkh We're sorry we couldn't satisfy your banking needs. Let us ka

Figure 9.1 Screenshot of a concordance of the search term sorry using Antconc

(Anthony 2005).

compiling a social media corpus might need to be particularly aware of the
following factors.

Non-standard orthography

Microposts typically contain non-standard orthography of different kinds.
These variously creative uses of spelling, punctuation and other typo-
graphic resources can cause problems for the tools for corpus search and
annotation, which were developed with standard orthography and “tradi-
tional” text genres in mind (BeiBwenger and Storrer 2008, p.303). Typical
problems can include the unconventional use of punctuation which com-
presses lexical words into a single graphological unit, as shown in bold font
in the following example.

I’'m glad 2 read this.I haven’t got many things 2 show in youtube.I put
ur name just 4 curiosity and u appeared!l love twitter

Because the software will read this.I, youtube.l and appeared!l each as single
words, this can cause problems for counting the lexical words in a corpus
accurately.

Other examples of non-standard orthography include the many spelling
variations that occur in social media sites. The spelling variations can make it
difficult to search for all the examples of a particular word you might be inter-
ested in tracing through a particular corpus. Some variations have become
conventionalised over time (such as ur for your in the example above), but
other variations can be more idiosyncratic and therefore more difficult to
identify. Some more recent concordancing software has been designed to take
account of these spelling variations (see Tagg et al. 2013), but not all packages do.
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Emoticons and hashtags

The non-verbal resources (like emoticons and hashtags as shown in the exam-
ples below) which have emerged from computer-mediated communication and
social media sites in particular, can pose further problems for concordan-
cing software. Depending on the settings used by your concordancing
software, some of the characters used in emoticons will not be considered
‘valid’ letters for that system and so will be filtered out of the concordance.
They may also be interpreted by the software as marking word breaks or
may have other special meanings to the system.

Oh no! Be good to see you back properly next week :-))) I'm great
thanks, very H-A-P-P-Y!! Glad it’s nearly the weekend too Xxx
[ miss kindergarten when the only drama there was, was losing your

crayon. #OhJustLikeMe

For instance, Wordsmith uses the hash character # to represent, as a
group, all numbers that occur in the corpus. This is to avoid polluting the
word frequency list with phenomena that interfere with interpretation of
lexis. In addition, Wordsmith does not treat the hash character itself as a
valid letter and responds as if it were punctuation. Similar effects may be
seen with other kinds of characters and symbols found in social media
texts. The researcher may need to adjust the settings of the software in
order to be able to search and sift through their corpus to identify and
analyse these non-verbal resources used in social media communication.

Abridged posts

Because of the character-constraints imposed in micro-blogging, some users
will attempt to circumvent these limitations by using a web service to extend
their message (such as longertweets.com). These services allow the user to
present an abridged version of the tweet in their stream, usually with a link to
the full, longer post. The result is that some posts will appear in an abridged
form in the corpus. Alternatively, the post may contain punctuation indicating
that it continues in a subsequent post in the stream. Depending on the strategy
used to extend the tweet, the elaborating tweet may not be captured when
the corpus is constructed. However, these types of tweets are relatively
uncommon and may be filtered out of the corpus if the analyst can identify
regular syntactic patterns with which they can be identified and removed.

Automated and rebroadcast posts

Spam has unfortunately infiltrated social media meaning that unwanted posts
can be present in a corpus. These, and other various kinds of non-human,
automatically-generated posts generated may be present in the corpus
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materials that may not conform to the researcher’s selection criteria. For
instance some services will generate automatic Twitter updates such as:

I favorited a YouTube video - Vocal training http:/youtu.be/
S9hruSOET18%a

These kinds of posts are relatively easy to identify in a corpus since they
will occur multiple times with unexpected similarity. For example all
instances of the post above contained the non-standard punctuation ‘“--”,
giving us a clue that they were not manually produced.

If your corpus contains micro-blogging posts then it will also incorporate
rebroadcast material such as retweets. The status of these tweets in your
study is an important theoretical question. For example, in my (Ruth’s)
study of celebrities and their use of Twitter, I excluded retweets as I was
most interested in the language being used by the celebrities (not in the
people whose tweets were being forwarded by the celebrities). However, if 1
had wanted to study what kinds of topics were typically in forwarded messages,
then including the retweets would have been vital. Depending on the
intended use of the corpus, a researcher may consider some or all of these
tweets as ‘noise’ and decide to:

filter out all instances of repetition;

filter out any tweets that seem to be spam;
filter out retweeted tweets;

filter out any automated, non-human tweets.

The decisions that are made in this respect will clearly have an impact upon
the size of the corpus, and consequently on the quantitative analyses that
involved calculations based on frequency.

Questions to ask yourself if you want to use linguistic concordances in
your project are summarised in the following points for reflection.

Points for reflection

Can the social media data you intend to analyse be compiled as a
searchable concordance (e.g. if the data is multimodal how will
images and layout be archived and annotated)?

Which concordance software will be used (either proprietary or open
source)?

How will you get the social media data into a format the concordance
software will accept in light of features such as non-standard ortho-
graphy, emoticons, hashtags, abridged posts, automated and
rebroadcast material?
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Annotating social media corpora

Having built a corpus and refined the format of the materials, what kinds of
linguistic features and patterns might we search for! An important factor
determining the kinds of features that can be found in a corpus is how it
has been annotated. Corpus annotation involves adding a layer of linguistic
information to a corpus so that the researcher can search for recurring
patterns. There are many different kinds of annotation that can be under-
taken depending on the research question. A very common form of anno-
tation is part of speech (POS) tagging. POS tagging can be employed to aid
word sense disambiguation tasks that may be helpful for some kinds of
discourse analysis. For example, perhaps the researcher might be interested
in exploring emotional language in a micro-blogging corpus and wish to
know how like functions in its evaluative sense. An unannotated corpus
such as HERMES (Zappavigna 2012) will return results such as those in the
following examples.

@User.the whole concave look is gone cause its like almost the same
length._. hahahaha

RT @IDoThat2: RT if you sit there smiling like an idiot when you
think of a happy memory. #idothat2

@U ser I like the Ditty Bops! Never heard of them before, very cute x

why does it have to be like this coba?

ALWAYS ON THE RADIO RANTING, HE DON'T UNDER-
STAND OUR PRESIDENT,. NO A PERSON LIKE U NEVER
CAN. EVER. U SEE, ASS KISSER joe scarboro-

Its seems like forever since they dated. lol

As these examples suggest, in order to isolate the instances where like is
functioning as a verb (e.g. “I really like it!”’) we would need to disambiguate
these from instances where it is used as a softener (e.g. “It was, like, so great!”)
or as a comparative (e.g. “It looks more like a dog than a cat.”). In order to
automatically retrieve only the desired instances, a POS tagger can be used
so that the search function will only return particular kinds of items (e.g.
all instances where like functions as a verb). The tags shown in bold in
following examples would distinguish instances where like functions as a verb
(VBP) from instances where it functions as preposition (IN), for example:

@User I like /VBP the Ditty Bops! Never heard of them before, very cute x
RT @IDoThat2: RT if you sit there smiling like /IN an idiot when you
think of a happy memory. #idothat2

Unfortunately, many POS taggers are not trained to work with social media
texts and so do not cope well with properties of social media texts such as
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non-standard orthography. However, an example of a POS tagger that has
recently been developed to work with Twitter data is the Twitter POS tagger!
(Gimpel et al. 2011). This POS tagger was trained on manually annotated
tweets. Features? that are specific to Twitter (and online discourse in general)
which this tagger aims to annotate automatically include:

Hashtags (#): indicates topic/category for tweet.

At-mentions (@): indicates another user as a recipient of a tweet.
Discourse markers (~): indications of continuation of a message across
multiple tweets.

Links (U): URL or email addresses.

Emoticons (E): typographic conventions indicating emotion or involvement.

Other concordancing programmes which include POS taggers include
WMatrix (Rayson 2009), and there are a range of tools are available to
support corpus annotation. Some tools focus on supporting relatively low
volume manual annotation, while other tools focus on higher volume, partially
automated analyses. An example of a tool supporting corpus-based
discourse analysis of small corpora is the UAM Corpus Tool (www.wagsoft.
com/CorpusTool/) (O’Donnell 2008). This tool allows the researcher to
annotate a text using a schema which they define in the form of a network
of choices. As we mentioned in Chapter 5, tools for multimodal annotation
are also beginning to be developed such as UAM Image Tool (www.wagsoft.
com/ImageTool/) and the relatively established, ELAN, used for video
annotation (http:/tla.mpi.nl/tools/tla-tools/elan/) (Wittenburg et al. 2000).
These tools can be combined with quantitative as well as qualitative
approaches. For a useful overview of the current state of corpus annotation
tools see O’Donnell (in press).
In summary, annotating social media data involves:

e Deciding what features and patterns are important as the search terms in
your corpus and whether part of speech tagging might be needed.

e Considering what kinds of manual and automatic annotation are possible
for the corpus.

e Evaluating what you might do with the product of the annotation
(e.g. statistical processing) and weighing up if it is worth the intensive
effort.

Analysing social media texts using concordancing software

Having made your corpus searchable, you are now ready to begin analysing
the materials. Many different kinds of analysis can be done using con-
cordancing software. Here we introduce three frequently used kinds of
analysis: frequency, keyness and collocations.
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Frequency lists

The most basic analysis that can be carried out using concordancing software
is to establish the frequency of words within the collected materials: corpus
linguists are often interested in establishing the regular patterns or norms
within a particular set of materials. To start with, the researcher might be
interested in the frequency of individual words, or may want to create a list
of the words contained in the materials (for example, in decreasing order of
frequency). Table 9.2 shows us the ten most frequent words in the
Birmingham Blog Corpus and in the HERMES Twitter Corpus.

There are certain features we might notice from these frequency lists. For
example, we might notice that there is quite a lot of overlap between the
words which occur on both lists: (the, to, a, of, and, in, I) all occur in both
lists, and the top two words (the and to) are exactly the same. We might
conclude from this that perhaps the language of blogs and micro-blogs is
broadly similar to each other. However, we might also question how useful
this information actually is. For example, the Birmingham Blog Corpus and
HERMES are different sized corpora (628,558,282 words and 100,281,967
words, respectively), so the raw frequencies in the table are not comparable
for individual items. Instead, the frequencies will either need to be expressed
as a percentage of the dataset as a whole or to be normalised (which in
corpus linguistics often adjusts these to a relative frequency of occurrences
per million words (see McEnery and Hardie 2012)). Some software will
make this calculation for you; other software may require you to make this
calculation for yourself (which can be done relatively easily in a package
like Microsoft Excel).

We might also notice that there are some differences between the words
included on each list, such as the inclusion of the pronoun you and the
abbreviation http in the top ten items for the HERMES corpus, but not in

Table 9.2 Top ten word frequencies in Birmingham Blog Corpus and HERMES
Twitter Corpus

Birmingham Blog Corpus HERMES Twitter Corpus
Rank Word Raw frequency % Word Raw frequency %
1 THE 24,986,273 3.98 THE 3,358,659 3.15
2 TO 15,523,666 2.47 TO 2,379,223 2.23
3 AND 13,226,449 2.10 I 2,236,470 2.10
4 A 13,169,504 2.10 A 1,674,654 1.57
5 OF 11,541,388 1.84 HTTP 1,631,187 1.53
6 [ 9,736,364 1.55 AND 1,545,943 1.45
7 IN 8,442,980 1.34 OF 1,217,398 1.14
8 IS 6,700,706 1.07 YOU 1,194,631 1.12
9 THAT 6,635,605 1.06 IS 1,120,058 1.05
10 FOR 5,829,087 0.93 IN 1,118,227 1.05




Downloaded by [Lancaster University] at 11:38 21 March 2016

Working with social media data 179

the Birmingham Blog Corpus, but, on the whole, this does not give a very
full picture of the variation between the language which occurs commonly
in these two corpora from social media. Nor do these frequency lists on
their own allow the researcher to see if these frequencies are typical of
blogs and micro-blogs as distinct genres, or if the frequencies are simply
common to English language use more generally. To get a clearer picture of
how to interpret these frequencies, the researcher needs to search further.
One option is to compare the frequency of the words with existing corpora
drawn from offline examples of language such as the British National
Corpus or the Concordance of Contemporary American English (COCA).
Compared with offline language corpora, the researcher might see that a
similar range of grammatical words are amongst the most frequently
occurring items. (The most frequent items on the COCA word list are the,
be, and, of, a, in, to, have, to and it.) This comparison tells us that the
frequency of the definite article, the, is not particularly distinctive as a
characteristic of blogging or micro-blogging, but the occurrence of the
personal pronouns I and you, and the URL prefix http are more so. Perhaps
this might suggest the interactional dimension of Twitter posts and its
importance as a site for sharing linked material. However, once again, the
frequency list alone is only the first step in the analysis: the researcher
might want to find out more accurately whether or not the variation
between one set of frequencies is meaningful or not.

Keyword lists

If the researcher wants to find out which features are statistically significant
when comparing corpora, then sometimes a small corpus will be compared
with a second corpus to determine which items in the smaller corpus are
determined to be ‘key’, that is, which features occur at higher frequency
than the pattern represented in the reference corpus. This kind of work is
referred to as keyword analysis. Baker (2010, p.104) defines a keyword as “a
word which occurs statistically more frequently in one file or corpus, when
compared against another comparable or reference corpus”. For instance
I might have built a specialised corpus of blog posts about climate change
and wish to compare how climate change is represented in this corpus with
a second, specialised corpus of traditional news media texts about climate
change. I could then compare the differences between the blogs and traditional
news media by comparing the two sets. Or, if the researcher wanted to see
if the frequency of a particular word is typical of their corpus in particular,
or of language use more widely, they could compare a specialised corpus
with a larger, reference corpus. An example of this would be comparing the
frequency of a specialised set of Twitter posts (say of posts made by a set of
celebrities) with a corpus of Twitter language more generally (such as the
HERMES Twitter corpus). As Julia Gillen’s case study shows, a comparison
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of keyness can help the researcher see what was genuinely distinctive about
the language use in the context she was studying: Second Life.

Box 9.1 Investigating language use in a virtual world

Julia Gillen

It is sometimes thought that the language used in new media, espe-
cially by young people, is of impoverished quality and that topics are
trivial. It may be assumed that only everyday language is used, or,
conversely, that dialogues are full of jargon. Furthermore, the quantity
of written language used in many virtual worlds is sometimes also
overlooked.

I investigated the language used in the Schome Park Programme
pilot, led by Peter Twining at the Open University. This pilot,
designed to investigate radically different models of education,
received funding in 2007 from the National Academy for Gifted and
Talented Youth and used a protected environment within Teen
Second Life.’

In order to investigate the students’ use of written language in the
project, I conducted a corpus linguistic analysis of a large, randomised
sample of the students’ turns in chat logs, collected with fully
informed consent. I used WordSmith as the concordancing software,
and compared my specialised corpus of Second Life Student Chat
with the reference corpus of BNC Baby, a four-million word cut-down
version of the British National Corpus. This samples diverse genres,
including newspaper articles, correspondence and everyday conversation
by adults. My aim was to find out which lexical items were distinctive
to the interactions ‘“in-world”, as we referred to the 3D simulated
environment of the Schome Park Programme.

Significant findings included the following:

e Students’ turns were characterised by considerable interrogation
and inquiry, with a preponderance of question words such as how
and what.

e Orienting in space and time was evidenced through the high
frequency of words such as time, here, there, now, etc.

e There are various indications of positive relationship building and
collaborative activities — yes was a keyword but no was not. Haha
and LOL indicated shared humour. Help and thanks reflected an
environment where assistance was asked for and readily given.
Indeed politeness is prevalent with please also common.
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o A few genre-specific terms — such as schomer, RL and IM — featured
with high keyness, indicating the role of these specialised, ‘in
group’ to suggest familiarity within the discourse community.

e Thing, things, make and stuff indicated activities around the con-
struction of ‘objects’ and ‘scripts’. These words appear often in the
frequency list and in comparison with language overall. The use of such
simple terms in complex and abstract domains of communication,
such as laboratories, has been found in other studies.

o Meeting and library appear more often than they do in the overall
language corpus, which is not unremarkable given that the refer-
ence corpus is adult and contains a considerable amount of text in
formal genres.

#advice: It is not difficult to learn how to carry out a simple lexical
analysis with corpus linguistics tools. It can be fruitful in investigating
a specific discourse community, probing behind common assumptions.

Sometimes the keyword lists can show the researcher findings that they did
not anticipate at the outset. For example, I (Ruth) built a specialised Twitter
corpus gathered between 2010 and 2012 which gathered publicly available
posts from celebrity, ‘ordinary’ and corporate accounts. By running a keyword
test on different sections of the corpus, I was able to see that the addressed
messages posted by corporate accounts were quite different in the relative
frequency of the vocabulary choices. Words like hi, thanks, sorry, please occurred
in the top ten keywords for addressed messages, suggesting that these interac-
tions (as compared with other kinds of posts like general broadcasts or
retweets) favoured a kind of institutionalised customer care talk not used in
other kinds of Twitter interactions or by other groups of Twitter users. The
data was not collected with the intention to explore customer care talk (such as
greeting or apologising): it was only by using the search tools to examine
frequency patterns that this distinctive use of language was brought to light.
Even once the keywords had been isolated, the research was incomplete. It
did not tell me how those customer care terms were used in context. To
examine the function of those apologies, I needed to combine concordance
searches with other, manual, qualitative analysis of particular posts.

Collocation

One of the advantages of using concordancing software is that it allows
researchers to examine large stretches of text. This can be combined pro-
ductively with a more qualitative kind of textual analysis where the
researcher can bring close focus to particular parts of the corpus and begin
to examine the patterns that emerge in more detail. One way to do this is to
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trace the collocational patterns that are found in the data. Collocation
refers to the co-occurrence of words in patterns that are regularly repeated
and statistically significant. This principle of co-occurrence is familiar from
language use in both offline and online contexts: the adjective blonde can be
said to collocate with hair in a way that the synonym yellow does not (you
might like to think of other examples of hair colours that have strong
collocational patterns). Corpus analysis software can be a helpful way to
approach collocations, because the software can sort selected words not
only in terms of their frequency, but also organise examples where the
selected words occur according to their textual contexts (the words which
co-occur to the left or the right of the word). Sometimes this can reveal patterns
that might not appear obvious without this large-scale process of sifting and
sorting. For example, when I (Ruth) was comparing the temporal adverbs
that occurred in the Twitter corpus collected to compare celebrity, corporate
and ordinary Twitter use, I found that adverbs which emphasised the present
moment (today, tonight, now) occurred more often than references to points
of time in the past like (yesterday). However, when the keywords were
examined in context, the results suggested that the celebrities and ordinary
Twitter members used today, tonight and now in different ways. For example,
the phrase the show collocated with the temporal adverbs for celebrities:

Mannequin’s going into the show tonight for the first time. I'm really
excited for everyone to see it!—Britney

[ always love having Kid Inventors on the show and today is no
exception. http://su.pr/23Z2YZ0

However, it did not collocate with these adverbs for the ordinary Twitter
members, as in the next example.

Taking a break from coding today, need a break from all those letters
and numbers. Instead I am spreadsheeting. Oh, damn #itsjustasbad

By working from the frequency lists to the keywords and then looking at
the collocations for those keywords, the promotional strategies used by
celebrities in Twitter could be identified, suggesting that their use of
recency in tweeting behaviour was put to a promotional use not typical of
all Twitter members (Page 2012).

Visualisation tools and social networks

Why text visualisation?

Because social media corpora are typically very large, linguists can often
benefit from visualisation tools to aid the interpretation of complicated
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patterns and thematic trends that they might not be able to observe otherwise
(Wise et al. 1995, pp.51-2). In addition, some of the metadata available in
social media materials, such as the timestamp, geo-spatial information and
information about connections in the social network, can open up the
possibility of visualising patterns of language use in multidimensional
forms. Given that sometimes researchers might be interested in patterns
that involve relationships between many textual variables across many
contextual dimensions of meaning (such as time, space or network), visua-
lisations can be very useful. Existing techniques commonly used in linguistics,
such as statistical analyses of corpus-based data, essentially flatten the text
into a countable product, without showing other relationships between
contextual features, such as how variation in the frequency of particular
words might fluctuate over time, or how particular memes become popular
and then disappear from use. Fortunately, advances in computer technology
afford us the possibility of annotating, managing and visualising highly
complex data. We can now track multiple relationships between variables
unfolding in time or along other dimensions. As a result we have the
potential to model the unfolding of meaning in text. However, visualisation
tools and techniques are not without their problems. As with all forms of
computing, ‘bad data in equals bad data out’. We have to be careful that we
use visualisation strategies that illuminate the kinds of linguistic relation-
ships that we want to explore, which can be based on features that can be
clearly identified and which are readily ‘countable’. If we do not do this we
risk creating a representation that does not accurately reflect the patterns in
the texts that we want to understand and which takes on ‘a life of its own’.

What is text visualisation?

The field of visualisation has the potential to provide linguists with some
much-needed help by supporting their analytical gaze when they work with
texts and large corpora. Visualisation, in general, is concerned with finding
methods of representation that best leverage the characteristics of human
visual perception to make complex data meaningful. The term “information
visualisation” (often abbreviated to “InfoVis”) refers to “the use of computer
supported, interactive, visual representations of abstract data to amplify
cognition” (Card and Mackinlay 1997, p.7). While most visualisation techni-
ques share the general aim of amplifying and enhancing human cognition,
they vary considerably in the type of data they seek to represent (e.g.
financial data, scientific data, medical data, etc.). There is a large and growing
body of visualisations available worldwide and a number of taxonomies are
proposed to classify visualisation tools (e.g. Chi 2000; Tory and Moller
2004).

Those interested in visualising text often have a background in both
computer science and digital art, bringing both technical and aesthetic skills
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to the endeavour (for example, see the work of Martin Wattenberg (www.
bewitched.com), Ben Fry, (http://benfry.com) and Lee Byron (www.leebyron.
com)). Even where the visualisations are not created for the purpose of linguistic
research, most visualisation techniques are ‘word’-based, as they create
their images by training a computer to identify linguistic items at the level
of the word (for example, as a string of characters in the text). This focus on
lexical features (as opposed to syntax, or to the more complicated variation
found in forms of ‘languaging’ discussed in Chapter 2) is in some respects a
limitation. But nonetheless, the importance of words as textual and linguistic
units aligns well with the kinds of analysis found in corpus-based approaches.
A more straightforward example of a visualisation (rather than the artistic
examples mentioned above) includes the word cloud, where the size of the
word reflects the frequency with which the word occurred in a particular
dataset. Figure 9.2 is a word cloud generated from the words in this chapter
by using Freiburg’s freeware, Wordle.net. As you can see from this illus-
tration, the most frequently occurring words are shown in a larger size and
a darker font than the less frequently occurring words.

Some concordancing software integrates visualisations like word clouds
to help the researcher in their process of analysis. For example, W Matrix
provides word clouds in conjunction with the verbal frequency and keyword
lists. In this case, the differences in the font size can help the researcher see
more immediately the more or less frequent items in the list: a visual form
of differentiation which eases the burden of searching through and sorting a
tabulated list of numerical data. Of course, this interpretive strategy might
tend to privilege the larger sized font and therefore the higher frequency
items. The researcher has to look more closely to find the smaller items
which occur less frequently. So while visualisations can be helpful, we
should be aware that, like all parts of the research process, they are forms
of interpretation which are not neutral but present information in a particular
and selective way.
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Figure 9.2 Word cloud generated from the content of Chapter 9 of this book.
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Social media text visualisation

A common form of social media visualisation can be found in techniques
for representing relationships between users (e.g. Heer and boyd 2005).
These approaches represent non-linguistic links (e.g. ‘friendship’ relationships
on Facebook or ‘following/follower’ relationships on Twitter) between
users in a social media network. Sometimes they are used as part of Social
Network Analysis (SNA), a method for using network theory to analyse social
relationships (e.g. Ugander et al. 2011). While this form of visualisation can
usefully supplement linguistic analysis, linguists are also interested in the
more difficult problem of representing ‘who is saying what to whom’ and
the even more challenging problem of representing the meanings being
negotiated when someone says something to someone in the putative social
network. However, as John Caulfield points out in his case study in this
chapter, modelling network connections can be a useful starting point in
helping the researcher identify which members of a network might be core
participants (and so worth following up with additional forms of analysis)
and those who are peripheral (and so might not form the main focus for the
analysis).

Box 9.2 Imagining the Irish language blogosphere: a
social network analysis using comments and link data

John Caulfield

Irish is a minority language and its survival as an everyday community
language is under threat. My research explores how some Irish speakers
worldwide use social media to create new forms of language commu-
nities online. I aim to describe who’s participating, the social processes
taking place, and how users have adapted the language to computer-
mediated communication. In seeking to visualise the invisible ties
formed through interacting online, I turned to social network analysis.

I knew that the cluster of active Irish language bloggers would be
small, and I hoped to take a whole network approach. The first challenge
was defining what exactly being ‘active’ and ‘Irish language’ entailed.
Each study sets its own parameters for inclusion. In this case, I included
any blogger who had made one post over a three-month period in
which Irish was the primary language of communication, and the
commenters that responded to these posts. This was admittedly a very
low threshold, but it enabled me to expand the network quickly (and
later focus analysis on the core of prolific users).

Sourcing the sample was time-consuming and involved six months
of participant-observation: writing, reading and searching for Irish
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language blogs. I expanded the sample by tracing links between blogs
and hand-coding them for Irish content. The online researcher is
always faced with the niggling doubt that some activity will remain
undetected. To overcome this, I continued visiting blogs after my data
capture period, and added the small number of newly discovered
blogs and commenters that met the criteria to the sample. I could con-
fidently say that the resulting 73 blogs and 68 commenters comprised
most, if not all, of the Irish language blogosphere in early 2011.

The next challenge was establishing what would constitute a con-
nection between network members. Again, each study defines ties
differently. I set an admittedly low threshold of just one comment,
link, blog roll entry (or a few lesser-used functions, like ‘likes’ and
‘notes’) between members. In a spreadsheet I compiled an edgelist
listing all the individual members, the others they interacted with, and
the number of times they interacted. This data was analysed using the
igraph package in the statistical software R. I chose the Fruchterman-
Reingold layout for my visualisations as it pulls together nodes that
are well connected and pushes less well-connected nodes to the periphery.
Combining this with colour-coding nodes according to their language
use, geographic locations, longevity and subject matter helped reveal
patterns of social structure that would have remained hidden in the
raw data.

The above approach to social network analysis helped reveal a well-
connected core of prolific bloggers who had adapted the features of
computer-mediated communication to maintain as monolingual an
Irish space as possible. These would later become the focus of discourse
analysis.

#advice: Set strict criteria for who is included in your study. It will
help you present your findings within very clear parameters.

Figure 9.3 is an example of a networked visualisation taken from Caulfield’s
study. The square nodes represent blogs and circular nodes represent indi-
vidual commenters, with edges representing those who interacted across the
blogosphere through comments and linking during the data capture period.
Arrows show the direction of the interaction. Isolated blogs (those with no
interactions) appear unconnected at the edge of the network. In the colour
version of this plot, nodes are colour-coded according to their language use,
with monolingual blogs/commenters appearing in dark green, and other nodes
appearing in other colours according to how much/little Irish they used. The
plot indicated that language use affected network position, with monolingual
nodes being the most well-connected in the network. Caulfield went on to
carry out discourse analysis of core nodes and so identified a number of
innovative ways in which core users maintained as monolingual a space as
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Figure 9.3 Visualisation of the Irish language blogosphere created by John Caulfield
using Gephi software.

possible on their blogs, including hyperlinking from unusual or difficult
Irish words to their English language translations. In this way, social net-
work analysis helped identify nodes and themes worthy of further focused
analysis, and showed how the partly automated process of quantitative analy-
sis can be complemented with a qualitative approach to other parts of the
research project.

Social media text visualisation usually focuses on visualising social text
stream data. Because of the limitations of automatic language processing,
language-focused social media visualisation tends to concentrate on what is
loosely defined as the ‘topic’ of the communication, in part, because of
visualisation’s reliance on identifying linguistic features at the level of the
word. However, in these social media visualisations, the ‘flattened out’
dimensions of word frequency are counter-balanced to include visual
representation of how the topics relate to other contextual data provided in
corpus, such as the geographical or temporal location of the post. Examples
include:

e ThemeCrowds, a visualisation that was applied to a micro-blogging
corpus “with the goal of identifying groups of users within a large geo-
graphical area, who discuss similar topics over time” (Archambault et al.
2011, p.81);

e visualisations of the temporal evolution of topics (Kraker et al. 2011);
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e visualising social media ‘events’, defined as “a set of relations between
social actors on a specific topic over a certain time period” (Zhao and Mitra
2007, p.1);

e Twitinfo, a system design to allow users to visually explore Twitter
events base on keyword queries (Marcus et al. 2011).

Topic-based techniques have also been used to create social media analytics
to support journalistic inquiry (Diakopoulos et al. 2010), to represent dis-
course about climate change (Scharl et al. 2013), and explore information
propagation (Chien-Tung et al. 2011). In addition social media services such
as Facebook have begun developing their own in-house visualisation tech-
niques (e.g. Facebook graph search, www.facebook.com/about/graphsearch)
to allow users to visually explore their own networks. Visualisations drawn
from social media can also have very practical uses in areas such as
improving emergency response (Mazumdar et al. 2012), and have been used
to track how social media sites disseminate knowledge during crises (Procter

et al. 2013).

TwitterStreamgraph: an example of social media text visualisation

A visualisation technique that has been used with streaming data is the
streamgraph (Byron and Wattenberg 2008). This is an example of a text
visualisation technique that allows the researcher to represent visually
“usage over time for the words most highly associated with ... [a] search
word” (Clark 2008). The streamgraph builds on visualisation formats that
are familiar from more traditional types of graphs and charts. For example,
area graphs represent the frequency of a particular kind of data graphically
by blocking out (usually in colour) the portion of a graph that falls beneath
the plot line (the larger the blocked out portion of the shape, the greater the
quantity of the item being quantified at that point). In packages like
Microsoft Excel, for example, it is possible to create simple area graphs by
entering numerical data into the spreadsheet and selecting the “Area Chart”
format from the menu. The area chart in Figure 9.4 is a visual representation
of the number of times that messages were retweeted from a selection of
named accounts in the hours following the news reporting the death of
former British Prime Minister, Margaret Thatcher, in April 2013.

From Figure 9.4, you can see that some users posted messages that were
redistributed as retweets more frequently than others (in this case, the
celebrity figures such as the comedian Frankie Boyle, boy band member
Harry Styles and television host Piers Morgan were retweeted more often
than mainstream news accounts like the BBC or CNN, for example). But
while an area graph usually shows a single data series (in the example above,
the number of retweets), stacked area graphs can represent multiple data
series by stacking one on top of the other. This can be useful if you wanted
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Figure 9.4 An area graph for rebroadcast tweets following the death of Margaret
Thatcher.

RTs without a hashtag

M RTs with a hashtag

Figure 9.5 Stacked area chart showing retweeted messages with and without a
hashtag.

to visualise the relationship between two or more different variables. For
example, if you wanted to represent how many of those retweeted posts
contained a hashtag and how many did not, you could use coloured areas to
visualise that difference, as in Figure 9.5. In the chart in Figure 9.5, the
proportions of retweeted messages with and without a hashtag are indicated
through the relative size of the coloured blocks for each of the different
Twitter members. Again, the correlation between size and quantity allows
the viewer to see fairly quickly certain correlations (for example the extent
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to which retweeting and hashtags were used in combination as a means of
making a particular tweet more visible).

Streamgraphs build on this established model of stacked area graphs but
generate smooth curves for the different data streams by interpolating
between points to produce a flowing river of data. An example of a web-based
tool for doing limited interactive streamgraph visualisations of lexis occurring
in tweets is TwitterStreamgraph* (Clark 2008). In the TwitterStreamgraphs,
the distribution of the most ‘interesting’ capitalised words that occur in a
database of Twitter messages for either a single Twitter account or a group
of Twitter accounts can be represented by combining the size of font (for
individual words) with the size of the stacked areas of the chart. For example,
Figure 9.6 shows a streamgraph using linguistics as a search word.

Other visualisation tools can adapt models of representation that move
beyond mathematical visualisations derived from graphs and charts. For
example, Brice Russ’ study of American dialects in Twitter (see his case
study in Chapter 8) used Google Maps to plot the geographical distribution
of different lexical variables (such as soda, coke and pop for soft drinks). You
can see an example of one of the dialect maps in Figure 9.7, and more on
Brice Russ’ web pages: www.briceruss.com.

Rather than representing the relationship between the different variables
in Russ’ study (the lexical variables, soda, pop and coke), and their relationship
to geographical location (different towns in America) in a chart, visualising
the distribution of the terms across the map more powerfully suggested the
clustering of the terms across physical locations.

Twitter StreamGraph for [linguistics| Neoformix

language

#linguistics

Feb1720115 2228 Feb18040 253 506 719 933 1146 1353 1672 1826 2033 2252 feb13 TOMEREMN 532 745 958 1212 1425

A0 alovelydai Istudied linguistics for years so | totally understood Toni Morrison's writing. It just didn't move me.

() lafargaylmazrs: RT @sonofMaryCooper: Semiotics, the study of signs and symbols as a branch of the philosophy related to linguistics.
Liamick RT @sonofMaryCooper: Semiotics, the study of signs and symbols as a branch of the philosophy related to linguistics
creamyeon:  RT @sonofMaryCooper: Semiotics, the study of signs and symbols as a branch of the philosophy related to linguistics.
A.C0) adamniemeyer: RT @sonofMaryCooper: Semiotics, the study of signs and symbols as a branch of the philosophy related to linguistics.

() AmeenMathers: RT @sonofMaryCooper: Semiotics, the study of signs and symbols as a branch of the philosophy related to linguistics.

Figure 9.6 A Twitter StreamGraph generated with the search word linguistics.
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Figure 9.7 Dialect map showing the distribution of soda, coke and pop (Russ 2012).

As even the brief range of visualisations suggests, there are now a variety
of tools and models for making a picture ‘tell a thousand words’ — or at
least represent the frequency of thousands of words! No doubt as time goes
by, additional tools for visualisation will emerge. Whether your research
project is relatively simple or involves more complex, large-scale analysis of
data, it is worth exploring how interpreting your results can be modelled in
different ways. All of these visualisations, like any representation of analysis
(verbal or visual), will be partial and selective, so just as with all your choices
in the research design, from formulating your question through to gathering
and analysing your data, make sure that your choice of visualisation is
thought through carefully with a clear rationale.

Notes

1 At the time of writing this POS tagger is available for download here: www.ark.
cs.cmu.edu/TweetNLP/.

2 At the time of writing the annotation guideline from which the features in this
list were extracted is available here: https://github.com/brendano/ark-tweet-nlp/
blob/master/docs/annot_guidelines.md.

3 Teen Second Life and Second Life are trademarks of Linden Lab.

4 The interactive application is available at: www.neoformix.com/Projects/Twitter
StreamGraphs/view.php.
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