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Some big questions

• Does ‘English’ phonetics exist?

• Why do the same sounds keep changing and 

being used for social meaning, not others?
– English: ‘s’ vs. ‘sh’,   GOOSE vs. FLEECE vowels

• What defines a ‘speech community’/’dialect’?

• Are there cross-linguistic universals in pet-

directed speech?



Huge amounts of 
annotated speech 
exist…

Scientific 
questions

• $$ ££

• Software

• Ethics

barriers

Goal: overcome barriers and scale up scientific 
study of speech



2017-2020

http://spade.glasgow.ac.uk/

UK PI: Jane 
Stuart-Smith

US PI: Jeff 
Mielke

http://spade.glasgow.ac.uk/


Software large-scale 
speech analysis

Data from ~40 datasets
(socio)linguistic
surveys

Project goa ls

Research 
’English’ sounds 
over time and 
space

Sonderegger et al. (2021), Open Handbook Ling. Data Management



US and Canada
England 
Scotland 
Ireland
Wales

• ~40 corpora: public/private, 6 countries, 115 years
• Processing: cleaning, (forced) alignment, 
acoustic measurement

https://spade.glasgow.ac.uk/the-spade-consortium/

Data: The SPADE Consortium

https://spade.glasgow.ac.uk/the-spade-consortium/


Ethics and credit

• For private datasets ethics complex: 

GDPR + US laws

• Data transfer agreement

– data use in keeping with original permissions, as 

far as is possible

• Credit

– When possible: ‘SPADE consortium’ author

– Always: cite individual datasets used

• Datasets of measures → data guardians at end 

of project



• Typica l speech resea rch s tudy:

Gender

Age adjacent 
segments

formants

Data file
(CSV)

Raw data Analysis

Vowel
durationbottleneck



• To sca le up: need software for 

integ ra ted speech corpus  ana lys is

• Integ ra ting  speech da ta sets

• Ana lyzing  and querying  a cross  them



Integrated S peech Corpus  ANalys is

McAuliffe et al. (2019)  Proc. ICPhS

Michael McAuliffe
Software 
development



E x: F inding  and measuring  s ibilants



• Implementa tion

– Python AP I

– Graphica l User Inferfa ce /

server insta llation

https://polyglotdb.readthedocs.io/

https://iscan.readthedocs.io/

https://polyglotdb.readthedocs.io/
https://iscan.readthedocs.io/


Case s tudies

Stops

Vowels: dynamic r and l

Vowels: Scottish patterns

Sibilants Vowels: formants

Vowels: voicing effect

Stuart-Smith et al. 
Proc. ICPhS 2019 ,
LabPhon 2020

Mielke et al. Proc. ICPhS 2019

Tanner et al. (2020) Frontiers in AI

Tanner (2020): PhD thesis

https://spade.glasgow.ac.uk/news-outputs/

https://spade.glasgow.ac.uk/news-outputs/
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Structured variability in E ng lish s ibila nts

• Lexica l contra s t

• Gender

• By dia lect?   S ibila nts  in E ng lish a re 

a ssumed to be highly s imila r

16

e.g. Flipsen et al (1999);
Strand e.g. (2000)

e.g. Wells (1982)

e.g. Kleinschmidt (2019)



Structured variability in E ng lish s ibila nts

• Lexica l contra s t

• Gender

• By dia lect?   S ibila nts  in E ng lish a re 

a ssumed to be highly s imila r – with the odd 

exception

17Macafee (1983)

e.g. Flipsen et al (1999);
Strand e.g. (2000)

e.g. Kleinschmidt (2019)



Structured variability in E ng lish /s  ʃ/

• Lexica l contra s t

• Gender

• By speaker?  
– /s/ : hig hly varia ble, range of socia l-indexica l meaning s

e.g. Flipsen et al (1999);
Strand e.g. (2000)

e.g. Levon/Holmes-Elliott (2017); . Stuart-Smith (2007; 2020); Podesva/van Hofwegen 2016)

e.g. Kleinschmidt (2019)



Are E ng lish s ibilants  rea lly both highly 

s imila r (a cross  dia lects ) and va ria ble 

(a cross  speakers  within dia lects )?

Kleinschmidt (2019); cf Chodroff/Wilson (2018)



Research ques tions  

1. How va ria ble is  the production of /s  ʃ/

… across  E ng lish dia lects ?

… across  speakers  within dia lects ?

2. How do degrees  of by-speaker and by-

dia lect    va ria bility compare for E ng lish?

3. Is  E ng lish /s / more va ria ble than /ʃ/?

Eckert and McConnell-Ginet (2003)



US and Canada
England 
Scotland 
Ireland
Wales

• 16 corpora (12 spontaneous)
• 34 dialect groupings (‘dialects’) 
• 1,925 speakers (female:  1,008), ~1000 hours

Data



US : 286 speakers (150 F )     

7 dia lects (4 corpora)

Canada: 118 speakers (60 F) 
3 dialects (2 corpora)

https://spade.glasgow.ac.uk
/ the-spade-consortium/

Scotland: 296 speakers (167 F)         
9 dialects (3 corpora)

England: 969 speakers (512 F)                       
10 dialects (6 corpora)

Ireland: 244 speakers (113 F)                 
4 dialects (3 corpora)

Wales: 12 speakers (6 F)                                 
1 dialect (1 corpus)

https://spade.glasgow.ac.uk/the-spade-consortium/


Data

• All ins tances  of s tressed, word-initia l, 
prevoca lic /s /, /ʃ/

• Acoustic mea sure: spectra l Centre of Gravity 
(CoG)

– Multitaper spectra (in R)

– 1-8 kHz

– 25 msec window @ midpoint

– Data  cleaning

• N = 199k, a fter cleaning



Data  cleaning

By-speaker plots 
identified spectral 
problems, e.g. this male 
speaker from ICE-Canada

compare this female 
speaker from the 
same corpus, with 
better energy pattern

Removed tokens with COG or peak < 2400 



• Bayes ian linea r mixed-effects  model

– Stan/brms (Carpenter et a l., 2017; Bürkner 2018)

• Dependent va ria ble: 

– COG from multitaper spectra

• Random effects :

– Dialect (34)

– S peaker, within dia lect (1,925)

– Word (1,401)

Dialect mean

Speaker offset
from dialect 
mean

Ana lys is



• P redictors :

– Gender (M/F )

– gender:onset

– Phone duration

s ʃ onset

varies by speaker
(within dialect)

varies by 
dialect



‘English’ sibilants by onset and gender

• /s/ > /ʃ/
• female > male speakers

n = 199,851

Onset



s/ʃ difference: varies little,     /s/, /ʃ/ alone vary more

n = 199.851

female male

US            Canada 
Scotland   England
Ireland Wales

n = 199.851

/s/

/ʃ/

By-dialect variability
C

O
G

 (
H

z)



• anomalous low 
(Can.various, 

Ire.various) or 
high  (Hastings)
COG

• seem to be real

US            Canada 
Scotland   England
Ireland Walesfemale

/s/

/ʃ/

29



More variability across speakers than across dialects

n = 199,851
COG: /s/-/ʃ/ difference COG: /s//ʃ/ average

PP=0.76

COG: /s/ COG: /ʃ/ 

PP = 0.75

98% 
post. 
prob.
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Dialect variability (Hz) Dialect variability (Hz)

x = y

30

PP=0.98



/s/ is more variable than /ʃ/ both across 
dialects, and across speakers within dialects

n = 199,85131

/ʃ
/ 

va
ri

ab
ili

ty
 (

H
z)

/ʃ
/ 

va
ri

ab
ili

ty
 (

H
z)

/s/ variability (Hz) /s/ variability (Hz)

COG: /s/ vs /ʃ/ dialect variability COG: /s/ vs /ʃ/ speaker variability

x = y

PP = 0.98

PP = 1.0



• S ome va ria tion a cross  dia lects

• /s / and /ʃ/ difference: va ries  little

compared to overa ll ‘E ng lish’ /s / vs  /ʃ/

• /s / , /ʃ/ individua lly:  va ries  a  lot

– some exceptions , e.g . Irish is  low; Hasting s  is  high 

• Builds  on ‘traditiona l’ view (little va ria tion)

Discuss ion:  variability in s ibilant production



• More va ria bility by-speaker than by-dia lect for 

s /ʃ difference, and /ʃ/ a lone

• Weaker evidence for /s /

• Tenta tive result

– some dependence on measure, sample

33

Discuss ion:  variability in s ibilant production



• /s / is  more va riable than /ʃ/

– Across  speakers , across  dia lects

• /s / usua lly ca rries  more socia l-indexica l 
informa tion than /ʃ/?

• … or is  inherently “more va riable? ” (if so, why? )

• Cavea t: a rtefa ct of us ing  a  non-auditory sca le?

34

Discuss ion:  variability in s ibilant production



How robust is the ‘English’ Voicing Effect?

Tanner et al. (2020), Frontiers in 
AI



Voicing  effect

• pad > pat

• Received wisdom

– Ma in cue to ‘voicing ’ (e.g . t/d) at end of words

– Very larg e effect in E ng lish

• Robust effect?

– Across  dia lects , speakers

– S pontaneous  speech

lab speech, ~2 US dialects

James Tanner



• Known exceptions :

• S cottish E ng lish

• African American Vernacula r E ng lish 
(some speakers )

‘back’‘bag’ Source: CORAAL, 
Rachel MacDonald

‘beat’, ‘bead’

‘bee’, ‘bees’



Voicing  effect: da ta  & ana lys is

• Utterance-fina l CVC words

– n = 229k tokens

– 1964 speakers , 30 ‘dia lects’

• S imila r Bayes ian linea r mixed-effects  model

• E ffect of interes t: following  C voicing

– Varies  by dia lect, by speaker within dia lect

• + controls  (speech ra te, word freq., vowel 
height..)



bead > beat

bead = beat

1964 speakers
~230k tokens

Voicing Effect differs by English dialect
Es
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North America
UK & Ireland

Dialect



bead > beat

bead = beat

1964 speakers
~230k tokens

Scottish (no Voicing Effect 
expected)

African American Vernacular English 
(big Voicing Effect expected)

Voicing Effect differs by dialect
Es

ti
m

at
ed

 V
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g 
Ef
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North America
UK & Ireland

Dialect



Voicing Effect differs more by dialect than 
by speakers 

Amount of dialect variability
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• VE  very sens itive to context and s tyle:



Discuss ion

• Voicing  effect:

– not robust

– E ffect size: spontaneous  vs . read speech

– … but some effect a lways  there

• High dia lect va riability

– Partia lly due to dia lect-specific [voice] 

processes ?

• S ca ling  up ana lys is  a llows  new perspective



Discuss ion

• S peaker vs . dia lect va riability:

– Voicing  effect: speakers < dia lects

– s/sh acoustics : speakers > dia lects

– Kleinschmidt (2019): speakers < dia lects for 

stops

• New result from ‘la rge-sca le’ speech ana lys is

• Why?   

– Let’s  speculate…



Discuss ion

• What defines  a  ‘speech community’?  
(Labov, 1972)

– Perhaps  patterns  like VE  
(dia lect > speaker variability)

• While: sounds  like s ibilants  may s igna l 
socia l-indexica l informativity better within 
community

– Compared to group-level attributes  (dia lect)

– Cons istent with greater /s/ variability

– … while s/ʃ contrast preserved



App: S peech over time and space

http://152.1.64.33/spade/latest/

http://152.1.64.33/spade/latest/


”ba it” across  dia lects

• How do these sound different?

GlasgowWisconsin

Yorkshire E. Canada

New 
Hampshire

Quality?           Duration?            Trajectory? 
(monopthong/diphthong)

James Tanner
PhD thesis (2020)



Vowel dynamics : introduction

• Vowels  differ in a  number of dimens ions  

a cross  dia lects

– F1 x F2

Peterson & Barney (1952); Fant (1960); House (1961); Watson & Harrington (1994); 
Jacewicz et al. (2007); Ghorshi et al. (2008)



Vowel dynamics

• Vowels  differ in a  number of dimens ions  

a cross  dia lects

– F1 x F2

– Duration (e.g ., tense vs  lax)

• US /UK “happy”

– Trajectory shape

• N/S  US  “tide”

Peterson & Barney (1952), Fant (1960), House (1961), Watson & Harrington (1994), 
Jacewicz et al. (2007)



Vowel dynamics

• Vowels  differ in a  number of dimens ions

– F1 x F2

– Duration (e.g ., tense vs lax)

– Trajectory shape

Peterson & Barney (1952), Fant (1960), House (1961), Watson & Harrington (1994), 
Jacewicz et al. (2007)

Time-dependent



Questions

• Across  dia lects  for the “same vowel”:

1. What meas ures  cue dialect variation 
(s tatic , time-dependent)?

2. What are  the  dimens ions  of variation?

• Cla ss ifica tion experiment

– Predict dia lect ba sed on different 
combinations  of mea sures

• Dimens iona lity reduction

– Which measures  contribute most to 
dimens ions  of variation?



Data
• 21 dia lects  (British & North American) 

E ng lish

– 11 corpora

– 1245 speakers ; 320k tokens

• F ive vowels

– CHOICE , FACE , FLE E CE , MOUTH, PRICE

– E xpected to vary in cross -dia lecta l dynamics

• Formant tra cks  from points  a t 5%  interva ls
Algorithm: Mielke et al. (2019)



Data
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Measures

• Formants : 

onset/offset

• Dura tion
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Measures

• Tra jectory shape

– Vector & trajectory length

– Vector offset

– Vector ang le
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Cla ss ifica tion

• P redict dia lect 

from measures  

us ing  S VM

• Formants most 

informative

– Duration: lea st 

informative

• All measures  

increa se a ccura cy
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Cla ss ifica tion

• Formants  & tra jectory shape contribute to 

va ria tion in all vowels

– Duration pla ys  a  much sma ller role



Dimens iona lity reduction

• “known” cross -dia lecta l pa tterns  a ttes ted here 

in formants  + tra jectory:

– Monophthonga l vs  diphthonga l FACE

– S cottish upg liding  MOUTH

– Ra ised vs  unra ised PRICE

• Are these the dimens ions  in which each 

vowel va ries ?

• F ind principa l components  over a ll mea sures



Results : FACE

More back + curved trajectory

Shorter trajectory 
(‘monophthongal’)



Results : P R ICE  ra is ing

Lower + more backed glide endpoints

Lower nucleus and 
steeper glide angle 
(‘less raising’)



Results : dimens iona lity reduction

• E ach vowel: cross -dia lect va ria tion in ~2 

dimens ions

– Different by vowel

• Includes  “known” pa tterns ...

• a lso other dimens ions  (”unknown”? )

– Typica lly more important



Discuss ion

• S oftware for la rge-sca le speech ana lys is

– use data  ‘in the world’

– (poss ibly) restricted access  to data

• Data : 40+ public and priva te da ta sets

– spontaneous  speech, heterogeneous  formats

• sca ling  up resea rch ques tions

– identification of new patterns

– new perspectives



Discuss ion

• Cha llenges of this  approach

– Ethics  (multiple countries , GDPR)

– S oftware development

– Data  (collection, process ing )

– S ome measures  elus ive (stops !)

• Complementa ry approach to la bora tory 

experiments



What next?

• ana lyse the sounds  of ‘E ng lish’!

• prosody (intona tion, voice qua lity, etc.)

• E xpand ‘E ng lish’ to World/non-na tive 

E ng lishes

• Beyond E ng lish (IS CAN not language-

specific)



Thanks !

• Data  Guardians

• Funding

– Digg ing  Into Data , S S HRC, NS E RC, E S RC, 

NS F

• S PADE  Team



http://spade.g la sgow.a c.uk/

Inves tig a tors

66

http://spade.glasgow.ac.uk/


http://spade.g la sgow.a c.uk/

P ostdocs

Michael McAuliffe
Software 
development

Rachel Macdonald
Project manager

James Tanner
PhD (2020), postdoc

http://spade.glasgow.ac.uk/


Arlie Coles 
(U. de 
Montréal)

Elias Stengel-
Eskin (Johns 
Hopkins)

Vanna
Willerton
(McGIll)

Michael 
Goodale, 
Sarah Mihuc
(McGill)

and many more!
Stacey Harkin
Kirsty McCahill
Mitchell McGee
Edward Marshall
Julia Moreno
Jo Pearce 
Niamh Walker
Ewa Wanat

Jordan Holley
Peter Andrews
Kaylynn Gunter


