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Text over time and space

Google Books Ngram Viewer

Graph these comma-separated phrases: digging.into,data case-insensitive
between 1800 and 2008 from the corpus | American English (2012) ¥ with smoothingof 3 ¥ |
0.160% A
0.140% ~ into
0.120%
0.100%
0.080% H
0.060% H
0.040% 4
0.020% - data
0.000% — digging

1800 1820 1840 1860 1880 1900 1920 1940 1960 1980 2000

(click on line/label for focus)

‘culturomics’: Michel et al. (2011) Science



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... .
barriers

* SSEf

Scientific
e Software

guestions

e Ethics

Goal: overcome barriers and scale up scientific
study of speech



SPADE -

SPeech Across Dialects of English
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http://spade.glasgow.ac.uk/

Project goals SPADE

SPeech Across Dialects of English

Software large-scale

speech analysis \

Research
"English’ sounds
over time and

Data from ~40 datasets’ space

(socio)linguistic
surveys

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



Data: The SPADE Consortium

England 4 £y
Scotland || B
Ireland

Wales

US and Canada

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

acoustic measurement
https://spade.glasgow.ac.uk/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



* Typical speech research study:

Raw data
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Analysis
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* To scale up: need software for
integrated speech corpus analysis

* Integrating speech datasets

* Analyzing and querying across them



Integrated S peech Corpus ANalysis

osmemscseceeecemann, " Databases
.~ Dictionaries, linguistic

structure, metadata

7 —
ISCAN

Import + enrichment

query + export
& Y | Y word, cOG
1. cat, 400 Hz ..||| |1+ she, 5500 Hz, ..
1, bat, - 1, spat -
4, cat -+ 8, assure ..
2, radish, .. 2, she ..
vowels.cs Lm sibilants.csv
—VOoWelsS.CSV||

Speech processing tools Derived datasets
Michael McAuliffe

Software McAuliffe et al. (2019) Proc. ICPhS
development



'Speech datasets  Databases

Buckeye database Lexicon Fraat

Ex: Finding and measuring sibilants

import, enrichment

External tools/resources

Custom
she sells seashells utterances ( script

Csells J—C seashells D ///o)0 1 sells: freq=200,
(0 ) (o) (o) syllables | /S/: stressed,

O 0O 0 © O © hones | /s COG=6000,

D EDe ©

ICE-Canada

query, export

phone: ID, COG,
duration
foll_phone
speech rate,
speaker ID,
dataset, ...

- - - - = ——




* Implementation

— Python AP | https://polyglotdb.readthedocs.io/

— Graphical User Inferface /

) . https://iscan.readthedocs.io/
server installation



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

Case studies

Sibilants Vowels:

Vowels:

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



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

Case studies

Sibilants Vowels:

Vowels:

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



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

Structured variability in English sibilants

* Lexical contrastfj =
e.g. Kleinschmidt (2019) |

e Gender

e.g. Flipsen et al (1999); :
Strand e.g. (2000) 7 » _

* By dialect? Sibilants in English are
assumed to be highly similar

2

e.g. Wells (1982) | -




Structured variability in English sibilants

* Lexical contrast e
e.g. Kleinschmidt (2019) |

 Gender
e.g. Flipsen et al (1999); :
Strand e.g. (2000) 7 @ _ &

* By dialect? Sibilants in English are
assumed to be hlghly S|m|Iar— W|th the odd

exception

Macafee (1983)



 Lexical contrast . il
e.g. Kleinschmidt (2019) 4 ‘:”“

* Gender
e.g. Flipsen et al (1999);
Strand e.g. (2000) 7 @

* By speaker?

— /s/ : highly variable, range of social-indexical meanings

£ "

(7 &%
5

e.g. Levon/Holmes-Elliott (2017); . Stuart—Smit A(2(57; 2020); Podesva/van Hofwegen 2016)



Are English sibilants really both highly
similar (across dialects) and variable
(across speakers within dialects)?

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



Research questions

|. How variable is the production of /s [/
... across English dialects?

... across speakers within dialects?

2. How do degrees of by-speaker and by-
dialect variability compare for English?

3. Is English /s/ more variable than /[/?

Eckert and McConnell-Ginet (2003)



Data

England
Scotland
Ireland

Wales

US and Canada

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



England X
Scotland
Ireland

US and Canada
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' Scotland: 296 speakers (167 F)
US: 286 speakers (150 F) 9 dialects (3 corpora)

/ dialects (4 corpora)

England: 969 speakers (512 F)
Canada: 118 speakers (60 F) 10 dialects (6 corpora)

3 dialects (2 corpora)

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

https://spade.glasgow.ac.uk

/ the-spade-consortium/ Wales: 12 speakers (6 F)
1 dialect (1 corpus)



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

Data

e All instances of stressed, word-initial,
prevocalic /s/, /f/

* Acoustic measure: spectral Centre of Gravity
(CoG)
— Multitaper spectra (in R)
— |-8 kHz
— 25 msec window @ midpoint
— Data cleaning

* N =199, after cleaning
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Amplitude
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Data cleaning

Removed tokens with COG or peak < 2400

Frequency (Hz)

peak measurements

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

Bob_Hebert M
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T T T T T
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Analysis

* Bayesian linear mixed-effects model
— Stan/brms (Carpenter etal., 2017; Biirkner 2018)

* Dependentvariable:
— COG from multitaper spectra

e Random effects:
— Dialect (34)
— S peaker, within dialect (1,925) Speaker offset
— Word (1,401) “ from dialect

mean

Dialect mean




e Predictors:

S | onset

— Gender (M/F)

— varies by

dialect

‘ varies by speaker

(within dialect)

— Phone duration



‘English’ sibilants by onset and gender

~ ~
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Gender

/s/ > /1]

female > male speakers
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More variability across speakers than across dialects
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/s/ is more variable than /[/ both across

. ° ° ° Densit
dialects, and across speakers within dialects I""i;;
COG: /s/ vs /[/ dialect variability COG: /s/ vs /[/ speaker variability low
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Discussion: variability in sibilant production

e Some variation across dialects

* /s/ and /|/ difference: varies little
compared to overall ‘English’ /s/ vs /]l

* /s/, [/ individually: varies a lot

—some exceptions, e.g. Irish is low; Hastings is high

* Builds on ‘traditional’ view (little variation)



Discussion: variability in sibilant production

* More variability by-speaker than by-dialect for
s/[ difference, and /[/ alone

* Weaker evidence for/s/

* Tentative result
—some dependence on measure, sample

33



Discussion: variability in sibilant production

* /s/is more variable than /[/
— Across speakers, across dialects

* /s/ usually carries more social-indexical
information than /[/?

* ...oris inherently “more variable?” (if so, why?)

* Caveat artefactof using a non-auditory scale!

34



How robust is the ‘English’ Voicing Effect?

Tanner et al. (2020), Frontiers in
Al



Voicing effect

* pad > pat
e Received wisdom

— Main cue to ‘voicing’ (e.g. t/d) at end of words

— Very large effect in English——_
lab speech, ~2 US dialects

* Robust effect?
—Across dialects, speakers

—S pontaneous speech

James Tanner



* Known exceptions:

* Scottish English
‘bee’, ‘bees’

* African American Vernacular English
(some speakers)
D) D)

’b ’ ‘ ) Source: CORAAL
a back /
& Rachel MacDonald



Voicing effect data & analysis

Utterance-final CVC words
—n = 229k tokens
— 1964 speakers, 30 ‘dialects’

Similar Bayesian linear mixed-effects model

Effect of interest: following C voicing
— Varies by dialect, by speaker within dialect

+ controls (speech rate, word freq., vowel
height..)



Voicing Effect differs by English dialect

bead > beat
bead = beat
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1/ bead > beat
A
bead = beat

North America
UK & Ireland

\V

(big Voicing Effect expected)
\

+

Scottish (no Voicing Effect

expected)
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Voicing Effect differs more by dialect than
by speakers
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* VE very sensitive to context and style:

1.3-
1.4-
1.2-
ke ol2 9 91.2-
@ o ¢ g [ L ®
wi.2- L 4 L L Ll
> > > >
o o 1.1 o ® T
L L L b ®
0 O 9O o
3 3 3 3
=1 0---------=mmmmmfk - et __________________,_ ______ — [ ] —
o o 0-10 0-10_ ________________________ D—1'0_-____-____-____-___.____
. . 0.9- - . . I . : I .
stop fricative non-high high slow mid fast low mid high
Consonant manner Vowel height Local speech rate Frequency

Figure 1: Predicted voicing effect (median and 95% CrlI) as a function of consonant manner, vowel height, local speech rate (at -1,
0, 1), and word frequency (at -1, 0, 1). Predictions based on regression lines computed from the model’s posterior, marginalising

over all other covariates.



Discussion

* Voicing effect
— not robust
— Effect size: spontaneous vs. read speech

— ... but some effect always there

* High dialect variability
— Partially due to dialect-specific [voice]
processes!

* Scaling up analysis allows new perspective



Discussion

* Speakeryvs. dialectvariability:
— Voicing effect: speakers < dialects
— s/sh acoustics: speakers > dialects

— Kleinschmidt (2019): speakers < dialects for
stops

* New resultfrom ‘large-scale’ speech analysis

* Why!

— Let’s speculate...



Discussion

* Whatdefines a ‘speech community’?
(Labov, 1972)

— Perhaps patterns like VE
(dialect > speaker variability)

* While: sounds like sibilants may signal
social-indexical informativity better within
community
— Compared to group-level attributes (dialect)
— Consistent with greater /s/ variability
— ... while s/[ contrast preserved



App: Speech over time and space SPADE

SPeech Across Dialects of English
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"bait’ across dialects

e How do these sound different?

C2)
Wisconsin
C2)
Yorkshire

Quality?

N D)
G|angW New
Ham pshire
D)
E. Canada
James Tanner
Duration? Trajectory?

(monopthong/diphthong)



Vowel dynamics: introduction

* Vowels differin a number of dimensions
across dialects

F I F 2 Formant Space of Australian, British and American (female)
— X .
T -

‘\\\\ ’/
800K A Australian X\ /

open + British
- Amercnan

900 A
28002600240022002000 1800 1800 1400 1200 1000800

Front< F2(HZ) Back

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



Vowel dynamics

* Vowels differin a number of dimensions
across dialects

—FIl xF2

— 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 differin a number of dimensions
—FIl xF2

— Duration (e.g., tense vs lax) -
_ Time-dependent

— Trajectory shape

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



Questions

e Across dialects for the “same vowel:

1. What measures cue dialect variation
(static, timaelependent)?

2. What are the dimensions of variation?

* Classification experiment

— Predict dialect based on different
combinations of measures

* Dimensionality reduction

— Which measures contribute most to
dimensions of variation?



Data
* 21 dialects (British & North American)

English
— || corpora

— 1245 speakers; 320k tokens

e Five vowels
— CHOICE, FACE, FLEECE, MOUTH, PRICE

— Expected to vary in cross-dialectal dynamics

* Formanttracks from points at 5% intervals

Algorithm: Mielke et al. (2019)



F1 (normalised)

Data
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F2 (normalised)

Lexical set
— CHOICE
—» FACE
—> FLEECE
MOUTH
— PRICE

Duration
—» 10.25
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—-$ 0.25
=P 0.50
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e Formants:
onset/offset

e Duration

F1 (normalised)

Measures

T
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H
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FACE
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Measures

* Trajectory shape

— Vector & trajectory length

— Vector offset

— Vector angle

F1

N Midland US

N Scotland & |
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Classification

0%
* Predict dialect >
from measures :
using SVM g‘”% 6{
» Formants most  Ze ;
informative

—0c
—e

Duration _
Trajectory .

— Duration: least
informative

* All measures
Increase accuracy

Formants

Trajectory + Duration |

Measure

Formants + Trajectory |

Formants + Duration

Formants + Trajectory + Duration |




Classification

* Formants & trajectory shape contribute to
variation in all vowels

— Duration plays a much smaller role



Dimensionality reduction

* “known” cross-dialectal pattemns attested here
in formants + trajectory:
— Monophthongal vs diphthongal FACE
— S cottish upgliding MOUTH
— Raised vs unraised PRICE

e Are these the dimensions in which each
vowel varies?

* Find principal components overall measures



Results: FACE

FACE
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Results: PRICE raising

PRICE
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Results: dimensionality reduction

e Each vowel: cross-dialect variation in ~2
dimensions

— Different by vowel

* Includes “known” pattems...

* also other dimensions ("unknown™?)
— Typically more important



Discussion

* Software forlarge-scale speech analysis
—use data ‘in the world’

— (possibly) restricted access to data

* Data : 40+ public and private datasets
— spontaneous speech, heterogeneous formats

* scaling up research questions
— identification of new patterns

— new perspectives



Discussion

* Challenges of this approach
— Ethics (multiple countries, GDPR)
— S oftware development
— Data (collection, processing)

—Some measures elusive (stops!)

* Complementary approach to laboratory
experiments



SPADE

What next? b et

analyse the sounds of ‘English’!
prosody (intonation, voice quality, etc.)

Expand ‘English’ to World/non-native
Englishes

Beyond English (ISCAN notlanguage-
specific)



Thanks!

e Data Guardians

* Funding

— Digging Into Data, SSHRC, NSERC, ESRC,
NS F

e SPADE Team
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