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What is Twitter?”

Social media platform where users post short, 140-character
messages called "Tweets’

So weird how like a potato can taste so different just by cookin it in
an oven rather than boiling it - it's the same food #themindboggles

In most cases, Tweets are visible to anyone

You can choose to ‘follow’ other users, so that their Tweets populate
your timeline

Noted for viral content, internet memes, early adoption (innovation?)
of online slang terms, hashtags etc.



Why study it

Great source of natural language data
 more than 500 million tweets sent each day (Twitter 2015)

e as of 2013, seven years after its founding, over 170 billion
tweets had been sent (Leetaru et al. 2013)

Easy to collect, just leave the script running!

Informal style, which leads to lots of variation and creative use
of language

Lots of metadata...
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W Overview of this talk

 Big methodological aspect

Mining tweets

* (Cleaning up data

Geotagging

Mapping techniques

e But also some results!

e |exical variation, i.e. dialect maps

Orthographic reflections of a phonological variable
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Methodology

Data collection

Python script to access Twitter streaming API

 (Grants you free access to a sample of all tweets sent in real-time (between 1% to
40%)

Further restricted to tweets with geographic metadata (around 2% of all tweets), using a
bounding box of the UK

Extracts a number of fields from the metadata:
e time/date
 handle (e.g. @grbails) and full name (e.g. George Bailey)

e latitude / longitude

Rest of metadata saved to a separate file, for two reasons:
* Might need it at a later date

e R crashes otherwise



Methodology

Cleaning up and POS-tagging

* C(Cleaning up data

Removing ‘prolific’ tweeters for fears of imbalance in the corpus

Removing automated tweets (making up almost 25% of all data)

ThurrockWeather -

TrafficStAlbans -
0100hrs Forecast: Fine weather. Temp: OxfordSolarLive - Area Al southbound within the A5135
14.7C. UV:0. Baro:1012.0hpa. Steady Solar Realtime Event: 66 watts. junction | Southbound | Congestion:
WindGust:4.9mph. Rain2Day:0.0mm.

Location : The Al #stalbans #harpenden

Weather forecasts Solar activity Traffic alerts

« POS-tagging

twitie-tagger (Derczynski et al. 2013) uses the Penn Treebank tagset and has an
accuracy rate of 91%

Errors are largely systematic, e.g. identification of proper nouns too heavily influenced
by initial-grapheme capitalisation:

e e.g. “Can’t. Stop. Eating.”

Can deal with Twitter-specific peculiarities like hashtags (#lol_HT), usernames
(@morrissey_USR), and hyperlinks (http://www.google.co.uk/_URL)



Methodology

Geotagging

Two types of geospatial metadata:

1. specific latitude/longitude points

Isle of Man

2. bounding box demarcating a more general area

llllll
o

 around 75% of geotagged tweets sent with this less e L Sewmy
precise geospatial metadata Vi
 these areas vary wildly in size, but can be as large .

as the UK itself!

* solution: automatically generate a latitude/longitude m o 49
point within the bounding box, but discard tweets
where the box’s area exceeds some arbitrary limit

Python script to discretise these latitude/longitude points into x
broad regional categories ; Ceanpuieh

= :.‘O . North Sea

Glasgﬁlnited.
. . . . é\, Kingdom
* uses shapefiles of UK regions and a point-in-polygon 7 ot
function to determine which regional polygon a tweet S °
. . . i Amsterdam.
falls into (or is a reasonable distance from) 4k Netheriands
* tweets that don't overlap with any regional polygon are Bl ™ cw j v i
discarded . . tiegee '
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Mapping techniques

 Many ways of plotting geospatial data in R
a) Individual points using ggmap

 serious issue of overplotting

» extremely slow to plot

b) Individual points using shapefiles

The t

e same issues, but can conduct spatial
aggregation by plotting points over
regional polygon shapefiles, allowing
you to create...

c) Choropleth maps using shapefiles

e regional polygons colour-coded by
level of variable, e.g. employment rate

d) Interactive maps using leaflet R ,

Region
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eoe
om

re
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* can zoom in and pan around the
maps, filter data, and include pop-up
windows
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Methodology

The corpus

* Results presented here based on a Twitter corpus of over 16 million
tweets (around 175 million words), collected mostly in a 4-month period
between January and April 2016

* (Good regional distribution overall, where tweet density in each region
corresponds perfectly with population density

(2]
o

7500000 -

W |

N
o

Value
Ratio of people to tweets

n
o

se she sw wal wm yo em eoe iom ire lon ne ni nw sco se she sw wal wm yo
Reglon Region
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Results

| exical variation

Regular expressions using grep in R to extract tweets containing words of

INterest
e e.g. mortal, drunk’ (821 tokens)

Half of me wants to stay in and
y watch a film and the other half of
me wants to get mortal

, My whole life just consists of me
being mortal. Yay

!

could be existential crisis

e wider issue of only capturing the
desired sense of the word

mortal

* manual inspection ideal,
but time-consuming
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Results

| exical variation

 Regular expressions using grep in R to extract tweets containing words of
iInterest

e e.g. fleek, ‘looking good’ (752)

When you don't wanna take your
y make up off cus your eyebrows are

too on fleek

Dads bbg game on fleek #bbq
#barbecue #chicken

!

meaning generalised?

Men who use the word fleek make
y me die inside. Don't ever come near

me
T fIe()e(‘)(OO 0.000
do we really want to include this? i%




Results

| exical variation

Regular expressions using grep in R to extract tweets containing words of
iInterest

* e.g. yous, you.PL (3419)

sorry to disappoint youse, no stunts
’ from me tonight, was on my road

bike tonight.

Do you know what the only issue with going
out out with your BF is that when one of
yous needs a wee the other one is on your
own #loner

yous

0.000 to 0.001
0.001 to 0.002
0.002 to 0.003
0.003 to 0.004
0.004 to 0.005
Missing
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y Results
Lexical variation

 Regular expressions using grep in R to extract tweets containing words of
iInterest

° e_g_ l'ae’ ‘to’ and Wae’ ‘With’ (7350) y yous should be in dumfries wae me

jst aboot tae see the hostiles again




N
=
-
N
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C

| exical variation

)

(85275

tea ~ dinner
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Results

| exical variation

tea ~ dinner (85275)

B tea [ dinner

dinner
0.1100.2
051004

.3 to
tea 041005
[10.0t0 0.2 0.5t00.6
10.210 0.4 0.6t00.7
10.4t00.6 0.7t00.8
0.6100.8 0.8t00.9

0.8t01.0 Missing

from Our dialects (MacKenzie et al. 2015)
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Results

L exical variation

couch ~ sofa ~ settee (7076)




Results

| exical variation

couch ~ sofa ~ settee (7076)

CCCCC
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Results

| exical variation

couch ~ sofa ~ settee
(70706)

[] couch Bsofa [] settee

from Our dialects (MacKenzie et al. 2015)



Results

L exical variation

oumps ~ plimsolls ~ daps (552)
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Results

| exical variation

oumps ~ plimsolls ~ daps (552)

00000000
00000000
00000000
0.8101.0
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Results

| exical variation

daps (41)

from Our dialects (MacKenzie et al. 2015)

(Dunlop Athletic Plimsolls) - factory based in Bristol
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Results

| exical variation

pal ~ mate ~ lad ~ bud ~ bro ~ bruv ~ blud




Results

| exical variation

bruv ~ blud

London Boroughs

24




(INQ)

« (ing) a rare example of phonological variation being reflected in orthography

/1n/

/\
[} [mn]

l N\

<ing> <in><in’>

* To what extent do the factors influencing phonological (ing) variation also
play a role in orthographic (ing) variation?

25



(INQ)

* Very well-studied in speech, in both American and British varieties of English (e.g.

Labov 2001 in Philadelphia; Tagliamonte 2004 in York; Bailey 2015 in Manchester
and Blackburn)

« Major conditioning factors:

» style, and speaker age, sex, and social class: all the typical behaviour of a
stable sociolinguistic variable (see Hazen 2006 for an overview)

« grammatical category: nominal-verbal continuum, reflecting the historical
origin of the (ing) alternation by more verb-like words favouring -in and more
noun-like words favouring -ing (see Houston 1985)

e region: rates of -in much higher in northern regions of the UK, including
Scotland (Labov 2001: 90)

+ word frequency: not attested in US varieties (see Abramowicz
2007), but small effect in northern English dialects where rates of
-in highest in the most frequent words

20



Methodology

(ing)

 Envelope of variation: word-final <ing> cluster...

e ...but only when this represents an unstressed cluster in speech (e.g.
walking ['wa:.kiy/, cf. sing [sm/

e how do you distinguish these?

* by referring to a pronouncing dictionary, e.g. Carnegie Mellon
University dictionary (CMUdict)

* |ook up the orthographic word in this dictionary - does the
phonemic transcription end in IHO NG (Arpabet equivalent of /ig/)?

 Word frequency counts from SUBTLEX-UK, measured along the Zipf-scale
(van Heuven et al. 2014)
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W  (very) Big data
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This talk on (ing): Bailey (2015) data on (ing):

4,706,425 tokens 3,700 tokens
2.15GB 1.2MB




Results

(ing) - Part of speech

* Part of speech effect seems to be absent (Figure 1)

* ...butthere are major outliers in the adjectival category that show unusually high g-dropping rates e.q. fricking, frigging,
freaking, fucking etc. (Figure 2)

* Removing these is justified on two accounts:
* their extremely informal style likely contributes to this effect
» strictly speaking, they don’t often function as adjectives, despite occupying that syntactic position

» Excluding these, there is an extremely small (but significant, p < 0.001) trend where verbs show more g-dropping (Figure 3)

Figure 1 , Figure 3
Figure 2
50% - 50% -
100% - starving  banging
» 40% o 40%
c c
£ e
8 @ L
. S 75%- o
2 2 2
8.30 © é fricking 2 °
o] 2 funking _ frigging S
(IJ') o arming é)
— 5 freewheeling —
o & 50%- o]
% 20% 5 blooming %20%
g @ 8
; g ;
O € (&)
o 3 , , __fipping. )
[ © 25%- opdinmg  lagging motherfuckingfreaking a ...
10% o o I 10%
vVerzyu flaming
mendin bosHeAl ﬁg
5.42% deoéa ﬂng ooping aﬁpiring Bl:')lazing fucking
r g. chiling
Q 0O,
0.91% e ranking loving 0.91% 0.96% 1.58%
0% - — /| 0% ‘ Oy A e esing  amazing 00, - Eon e [
1 1 1 ’ y v | 1 1
noun adjective verb 3 ‘ 6 ) 9 noun adjective verb
Part of speech Log frequency in Twitter Corpus Part of speech
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Results

(ing) - Part of speech

* POS effect stronger in the US (Figure 2), but based on a much smaller dataset
(around 250,000 tokens, from 1 million tweets)

* But the POS effect is absent in parts of England anyway (Bailey 2015), so it’s not
surprising that it doesn’t show up as strongly in UK Twitter data

Figure 1 - UK Twitter data Figure 2 - US Twitter data Figure 3 - UK spoken data

50% - 50% - 100% -

40%- 40% -

73.93%

75% - 71.47%

67.18%

w
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w
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o~

50% -

n
S
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Percentage of g-dropped tokens
3

Percentage of g-dropped tokens
Percentage of g-dropped tokens

25% -

1 00/0 1 1 OO/O -
6.09%
0.91% 0.96% 1.58% B i -
o . T e [ _ _
0% 0% - 0% -
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Part of speech Part of speech Part of speech
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In speech, the most frequent
words show even higher rates of
-in, though the effect is small
(Bailey 2015)

Here, there seems to be an
opposite trend

e online slang terms
unsurprisingly show the
highest rates of g-
dropping, despite being
infrequent words by
normal measures

e e.g. nuttin ‘nothing’;
summin ‘something’;
pimpin, ballin, jlammin

Results
(ing) - Word frequency

Percentage of g-dropped tokens

60% -

40% -

20%-
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summary

Methodological.

* Twitter gives you lots of data...

* ... but not necessarily good data

* Geospatial metadata one of its biggest selling points

* reassuring that patterns found here largely correspond to earlier findings gathered
using more traditional methods

Theoretical.
* Interesting grapheme-phoneme parallels between /iy/ and <ing>

* not completely unrelated phenomena: phonetically-motivated spelling of (inQ) is
sensitive to the same social/regional and grammatical factors as its spoken counterpart

* that said, the behaviour of these low frequency (ing) words is a reminder that stylistic

properties of online social media are quite distinct from those in sociolinguistic
Interviews
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