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Twitter Dialect Studies

Corpus-based dialect studies Spanish:
are increasingly common. Gongalves & Sanchez (2014)

Very large geocoded Twitter
corpora in particular have been
studied in detail.

American English:
Eisenstein et al. (2014)
Huang et al. (2016)
But social media is often seen

as being too unusual to tell us British English:
anything about linguistic Bailey (2016)

variation more generally.



Traditional Dialect Studies

Dialect data is traditionally
collected by eliciting language
directly from individual
informants either through
surveys or interviews.

Surveys allow for rare forms to
be studied, but the forms must
be pre-selected.

Interviews allow for l[anguage
use to be directly observed, but
only frequent forms.

Both approaches suffer from
the Observer’s Paradox.



Twitter Dialect Studies: Pros and Cons

Pros: Cons:

Natural language Bad Tweets: RTs/Spam/Ads/Bots
No need to pre-select features Phonetics/Phonology

Infrequent features (incl. Lexis) Control over informants

High spatial resolution/precision Control over features (Polysemy)
Large numbers of informants Situational/Social generalisability

Relatively easy to implement



Do Twitter Maps Represent General Patterns?

Twitter is an important variety
of language and is worth
studying in its own right.

But it is also the only current
source of big data for
geolinguistics and so it is
important to asses whether
Twitter maps represent general
patterns.

In this study, we therefore map
lexical alternations in a corpus
of UK Tweets and compare our
maps to the maps from the BBC
Voices survey (Wieling et al.
2014).



UK Twitter Corpus

The corpus only contains
Tweets that are geocoded with

the longitude and latitude of the
user at the time of posting

Most Tweets are not geocoded,
but we still get enough to
compile a very large corpus.

We downloaded the UK Twitter
Corpus between 1/1/2014 and

31/12/2014 using the Twitter
API.

In total our corpus contains
approximately 2 billion words
and 180 million Tweets, written
by 1 million users.



O
n . [ 2+ Follow

Patience Paid Offl #MCFC @ Etihad Stadium
instagram.com/p/kvN1QFm|_A/

12:02 AM - 23 Feb 2014 from Manchester, England

53.483143, -2.2004628



, a §3°28'59.3"N 2°12'01.7"..
nttps:/ /www.google.co.uk/maps/place/53°28'59.3%1

o
Taar

& il
TP,
.

:
e o
4 ‘

le

(3

& xGo(og

—-1‘) C (, / ; lrra«jefy ©2017 TerraMetrics, Map data ©2017 Google, INEGI 3D Earth view is not available Terms Send feedback 1000 kmt 1

53.483143, -2.2004628, Patience Paid Oft! @ Etihad Stadium




‘ m $3°28'59.3"N 2°12'01.7"..

' f'www.google.co.uk/maps/place/53°28'59.3"N+

53.4830664,-2.2005

Unided
\/J\ Kingn‘;m

Ireland

{ Sweden

Finland

Estonia/’

s

atvia

Baltic Sea

LT
Lithuania
' ¥

Pasg A
\ Belarus

Nethetla’nds

Ukraine

7 Moldova

Romania

v - -
sMoro imagery ©2017 TerraMetrics, Map data ©2017 Google, ORION-ME 3D Earth view is not available

53.483143, -2.2004628, Patience Paid Oft! @ Etihad Stadium




-/‘ -

a $3°28'59.3"N 2°12'01.7"..

~

| 6 ) (i) @ https:/ fwww.google.co.uk/maps/place/53°28'59.3"N+2°12'01.7°W/@53.4830664,-2.2005111,1001725m/data=!3m1!1e3!4m5!3m4

NORTHERN

Galway

“Ireland

Limenck
-

SCOTLAND

Edinburgh
.

LJ
Glasgow

United
Kingdom

IRELAND

Isle of Man

ENGLAND

-
Southampton

Plymouth
-

Guernsey

Google

imagery ©2017 TerraMetrics, Map data ©2017 GeoBasis-DE/BKG (©2009), Google

Patlence

AN/ 0¢
) U o

Amsterdam
Cambridge :

The Haguee Netherla\g,ds

Dortmunc

Essen

Cologne
- £

Luxembourg

Mannheim

Copenhg

Denmark

Sjeelland M

Odense

\—\,

Lubeck
-
Hamburg
.

Bremen
L J

Hanover
= s Woltsburg
L

Brunswick ® Magdebur

Leipzig
e

Germany

Frankfurt
°

Nuremberc
5 S

i A
Kar t:r‘(;{'i: r' - - E

Paris

3D Earth view is not available Terms

°’al1d (C

Send feadback

1nac

S A

100 km

adalium




, a §3°28'59.3"N 2°12'01.7".. ,
g -

6 ) (i) @ htps | fTwww.google.co.uk/maps/place/53°28'59.3"N+2°12'01.7W/@53.4830664,-2.2005111,250431m/data=!3m1!1e3!4m5!3m4!

v
‘ Whitehaven
4

\

— \ :
Q 0 - .:'I‘_ n-lees
\ = Wt ‘,:.t ckton-on-Teess
iake s L RN
\ et " L \“-— North York
.

IT’IW\

Ramsey } Ken d.) J
Scarborough

iat{man - \A LS

™ v,:‘. r‘ S
'I [ A 11 ic fvvlll,“-,. Nidder :v
— Barrow-in-Eurness’s ' / - A k :"fﬁlp gl

t
5 , Hdrrng jt/P(M(m —= ‘r /
Plnckp 0l \ f eeds y W
2 J—\;. '1.. zﬂ(//f}“\‘f Bra (1f()r/»;/<\ S\ ‘7’< \v /\
y A ?)) g ,},.., D(,“.n\'HlllfIX" ‘m ' / \' , 4
Southport: ﬁ Y3 N, T3 V“& /‘ Risle
HL (1 jersfield Y&c\—,\ J v
’\& RO i Mo
\‘/ _\“ I_f\)/ by M180 -L\l ),
f/’ o \ > "C-N\’ D¢ ONC $ tﬂr
leerpool 3{ / f{ \
\\—:m ““° Sheffield “[\‘?\
m’\ n/ }H,tf W/ \<>~ './7('— TS \Jr
X Ve I (R -
\\( W,tr ‘]’/( y ; —-i.(,'n!:ala' hul:/;
IJ' 101 ." ‘ark
Ty ,)$+

40514? 1m’\f\'—]r\><l’\/(\ X U<N \/t

mm;l ’r
\['( tv /

\,
AL

N
N

/f'\\i

{ Imagery ©2017 Te( ak‘etnc' Map data ©2017 Google 3D Earth view is not avallable hTem‘.f Send feecbacx 2:) km L—J

’atlence Pald C 1nac adalium




P¥ 53°28'59.3°N 2°12'01.7"

nttps:/

g

~-

-

Saint’Annes
A

LLytham

\){ l‘, -

Y P ™
National

119 Y
Stuary

'J-)l‘l)l[' "Zv“.br 've

A

S o
Southport

~

.»\
J\

/"/L D

! tI erland* -

S
i‘\rj X

F‘omlp

P & %
o msu-\,.
/\ﬁ\\\é‘verpoojw T e
«8|rk§>nhedd\\v->xm
AS61

AS5300
i )-\Wudneb

www.google.co.uk/mas

T

NBamber, Bridge * - ‘ ‘ TR /5 Myt

TS —

Great.Britain
‘; ‘,( ) . ',/' )

. 3
Hfi.;!z—"s’.!.i”

- N N

N A
" 4 \_

Ramsbottom \
1

R’)th(j)le./

— N

,/' X
('/A hton:in-Makerfield P4l
| "5\ ' e Y
e I s .
St He:lenb &7 > A
' /

\‘é.{ﬁi

% Str ctford i\ A8
. L \

/_ A3 \\ (P/
M { -/ / Stock ot
» \ s D\

X - J g NS
) ; >

Warrng/to \\
A N \\ (4
|\ ‘\ J

L) - [

“;} |

Runcern* 7 " Sl \ )
- . /

“t;’x

Wilmslow”

i
| \
\L

o B
F'odéﬂram .‘ Knutsford

17»
1“’7 V‘du“:‘bflt‘ld AS37
| m /

Google

sutton

Halmae' Chana

53.483143,

Hebden'

Bnoge

nholmroyd

Imagery C20 7 TerraMetrics, Map data C"’O] 7 Google

ﬁ@
\/

’” Hdllfd)n

N

el RS Batle
}';?:\\; " ‘ /’" l hor S‘\f\ J "I- y / }
- zv%f?i{l;,, J A. \' SN Nor
\ L\ Dt’\"bbuf AN A\t
AM62— N YO Wakefield /*/
/ ‘\"\~ __/

[\

/\1(:’:’?“(] WA f
VL 7“’3 T\
m' M62 Kn«
mamon \ —'\
/ Pontefrac t'

J//

e

SN
b~ Huddersfield,

'I.‘: ton

e
/\I. -

| /
A \ /
gy \Bd!nb|t‘y| =
y

’

lfr',l;’);‘)»/
| Roth‘s'r'wam
NG DT\ T
ri' >.— k \ \;7—’\
SheffleIdJ
~ % \(\

Loxiey

[ e
Dronfield
AS1
\-'<
Zoom

n.
(%)= . --ﬂ

Send feedback

) v
FeakDistrict
X

_3.0 Earth view is not avallable Terms 10 km

-2.2004628, Patience Paid Off! @ Etihad Stadium




/ ¥ 53°28'59.3°N 2°12'01.7"

P AN S
R
LN

. . Y‘
ke \ . ) 3 \ \ _ K v | e ™ .
- e | » - “
‘\ gy / a2 S AS8 . ; o Rty | L \
Middlebrook : st = . ) v Shaw New,Mill

r ldg"l)r“\‘j' \ I — 5 . ¥ \ : / ?9 | H l/l ¥
/ T ' J e ) : \ / olmfint '
\ /’ .l “ d ¢ _\ L /Z el : R0Yt0 Jelp / N )

i T~ : N s adcliffe / \ ’ S | Dobcross ‘\ /

J N 8 » N White ield y \‘T_'{ " _ ’/(\/

Middletony

a8 jf- ‘

yonrin:Makerfield
™

AN

T N
= Longdendale

g

Calrr
-

- \|.‘~‘. AS 1L =~ :
PR s Manchester/s '\ /

Y
/\ . : — -

S o Google, .

( ’.‘//- ( & \;--\\ | wk ~ —HAne

53.483143, -2.2004628, Patience Paid Oft! @ Etihad Stadium




” a $3°28'59.3"N 2°12'01.7"

"
i) @ https / fTwww.google.co.uk/maps/place/53°28'59.3"N+2°12'01.7°W/@5 3111,7826m/data=!3m1l!1e3'4mS!3m4!1sl
Uy - ! \ -,.__~,€,‘.' A

S0 o/

MOSTON
MANCHESTER?

JIoLa M

oL

I“'.';-.
'\ .\\‘f' i | /
A hton L'mdor L ne-
E )(A-'/ y

JiaC liyUK?Stb(‘n“ l}‘.

ARK‘ "oTho‘Lo.v v'd' »

;41-.4' A '(°

. glinel Ur‘ue' Ity 3
ns .;.-_‘.”(.t)f Mq ches ter‘"
! . - \ - ® A | - .' -

n q - ‘ {ULM r«'i 1 :
'”" “'[ 0ld) I'affo ) )P | v

)

.4'

sRUMEIY

) ,‘,.,-_._;_-uu."

-
P

]
n
-

d
SOk

) 5].1‘:’“‘}

1’
>
NS E"
]
!
A
—

Yy

,/

Ji'Un, ‘ »
\ﬁ "A
imagery ©2017 D:g:mlGlobe r‘fmer'a Ltd & Bluesky, Landsat / Copernicus, The Geolnformation G'mp Map data C"Ol 7 Google

53.483143, -2.2004628, Patience

3D Earth new is not eNanla:Me Terms Send !eedback

Paid O ET1hac

1Tkme

STtadium




‘ a $3°28'59.3"N 2°12'01.7".. .
J "

) (i) @ htps:/| www.google.co.uk/maps/place/53°28'59.3"N+2°12'01.7°W/@53.4830664,-2.2005111,1956m/data=!3m1!1e3!14m5!3m4!1s!

Official Mangheﬁteqclty
4f ootballGround Car
’ \‘o', g 7 -

et o
! \\‘I;I '/a\ ¥
‘\
\
ASC

- y N ) — “ b
» ." s ol . . .

Y L ﬁ \ \ /ﬁ - ,' .A‘,.r“_o.'.F.l'
.bya'mche':ite' o | G
RegionalATena — AVl L\ )
1 \ ' ) b\ \

\

jaEastlands

1B -&upeﬁgﬂre

, . DS
N ' K o >
AT -. ‘ e ..

il
] J'..
ne

, ' ") ™ R
. % . : - - " | v s " > /) | o g/ N '
e - . ] - | , “_ - : » - b
- > ‘e / r e g q . : R : ] 4 - .‘ - - ¥
’, - - : . -
» A 5 : . - . N E 4 - - - ~
e . 1 ' . . .
LN/ . L ) =4 ‘
e § g : : ! : - b is ‘ Openshawiis ‘
“i r(l",‘f"d“S[ L - "~ " ' - \ =\ . [N a A -
N R ’ % ) . f WAF : o~ : ' ‘ 1 B L . v/:"'j_ r' -
™ £

.~. ) 4 - ‘K¢ . 4 =5 4 ) . : : pt _"'—‘~»
AR Ny O ey WIS, B R e ot > 1 sl N . TR0 e

sa _i > O A --,". ::'.L g s b ! o 3D Exrthviewisnotavallable Terms Sendfeedback 200m

53.483143, -2.2004628, Patience Paid Oft! @ Etihad Stadium




J q $3°28'59.3"N 2°12'01.7"..

6 i) @ htps://v

b

- l—:'[f"ln:_.

N Manchester
Regional Arena

S

:
5
»
N ¥ "’

53 483143

vww.google.co.uk/maps/place/53°28'59.3"N+2°12°01.7'W

V/@53.4830664,-2.2005111,489m/data=!3m1!1e3!14m5!3m4!1s0; Y Seart 3 A
[ ] S

Etihad Campus [ Dl 2 '

. e

‘\

/

Spo t( lt, l ""'5\'2

i

VAsdaleha macy X8
L W—

-‘( '

Palkee Buffet

®.. By
| <~f
| Google L'.f W g |
mgm 0201 7 D'gnta)u obe, Infoterra Ltd & Bluesky, The Geolnformation Group, Maa data ©2017 Googie

-2.2004628, Patience Palc

3D Earth view is not available

- 3
Tems Send feedback

O ET1had

SOm

STtadium



Analysis

We grouped tweets by postal For each variant we calculated
code regions to facilitate its proportional use vs. all the
comparison with BBC Voices. variants of that alternation in

_ _ each postal code area.
We took 35 lexical alternations

and their 115 variants that We then compared and

were returned by at least 5% of correlated (Spearman) these
the BBC informants and that maps to the BBC voices maps
occurred at least 1,000 times in to assess similarity.

our corpus.



boiling
freezing
shattered
sick
chuffed
pissed.off
play
skive
chuck
whack
kip
pissed
pregnant
skint
loaded
mad

fit
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baby

mum
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Comparison: Chav/Ned
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Twitter: Sofa/Couch/Settee
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Comparison: Sofa/Couch/Settee
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Twitter: Nanny/Granny/Grandma
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Twitter: Skint/Broke/Poor
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BBC Voices: Skint/Broke/Poor
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Twitter: Sick/Ill/Poorly
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BBC Voices: Sick/Ill/Poorly
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Comparison: Sick/Ill/Poorly
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Twitter: Living Room/Lounge/Sitting Room/Front Room
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BBC Voices: Living Room/Lounge/Sitting Room/Front Room
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Comparison: Living Room/Lounge/Sitting Room/Front Room
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Twitter: Mum/Mam/Mummy/Ma




BBC Voices: Mum/Mam/Mummy/Ma

(B o
9 oy Al
RS v

mnfﬁ
L

N %

BBC Voices



Twitter

Comparison: Mum/Mam/Mummy/Ma

30 40 50 60 70 80

20

Mum (rho = 0.54)

x5
** **
*

* ?}
*
**** *

* *
P A

BBC

*
+* * *:
* ok ok ek
* *
* *
* *
* * *
* * *
% - * 4 %
* *
+*
| | 1
20 40 60 80

Twitter

70

20 30 40 50 60

10

Mam (rho = 0.49)

*
*
*
*
*
*
* )
=
2
* ¥
** %
snat . *
*
I 1 1 1
20 40 60 80
BBC

12 14

10

Mummy (rho = 0.55)

Twitter

*
* * o kg g .
ok REE ALY
* K K Tk ¥ *
* 2;**
% *
® ***** ;5;
%
=
| | | I | |
0 10 15 20 25
BBC

60

50

40

30

20

10

Ma (rho = 0.31)

- %
*
*
* * *
* %
% *
* % :* * *
”* *
* ok
* Fa
* *k.
* ****'* £ * *
* * % *
*% 4 %
%ﬁlggg‘*&*
*k
| | I | I | |
0 5 10 15 20 25 30




boiling baked
freezing nippy cold

shattered knackered

sweating

ill
pissed.off angry
play
| SV bunk wag
chuck
whack smack thump wallop belt
K s1eep snooze nap doze
pissed wasted
pregnant expecting
|SREER oo\«
loaded minted well.off
mad nuts crazy mental bonkers
gorgeous pretty hot

ugly

moody

kid little.one

buddy

kit

chav
clothes

clobber
jeans
trainers

pumps

toilet
pavement
shower
bucket

GRS KA b

alley

stream

Rho

>.50| 16%
>.30| 43%
>.20| 53%

>0 86%

<0| 14%

Median Rho = .24



Worst Matches

Cold (for cold weather) The worst matches are of three
Nippy (for cold weather) basic types:
Baked (for hot weather)

Belt (for hit)
Bucket (for rain)

Polysemous words, where the
target meaning is uncommon.

Pretty Frequent words, which are the
Wasted (for drunk) .

general form in the UK.
Pregnant
Pissed off (for angry) Variants in alternation with
Angry words of these other two types.

Toilet



BBC Voices: Toilet/Pretty/Pregnant
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Twitter: Toilet/Pretty/Pregnant

TOILET
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Methodological Conclusion

Overall many of the Twitter

maps align with the BBC Voices
Maps.

The matches tend to be
weakest when the survey did

not identify regional patterns or
when the word is highly

polysemous and the target
meaning Iis rare.

Polysemy appears to be the
main issue with Twitter maps.

This can be dealt with by
looking at words in context or
using other methods for word
sense disambiguation.

These problems are solvable,
especially with more data.



Theoretical Conclusions

Given that maps from Twitter
and surveys do largely align, it
would appear that regional
lexical patterns are largely
independent of register.

Presumably this is because the

same general extra-linguistic
forces produce regional
patterns in lexis across
communicative situation, I.e.
regional patterns in culture and
topography.
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