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Datasets

US and Canada

* 44 collected: public/private, 4 countries, 115 years
* 42 measured: ~8600 speakers, ~2200 hours


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

CoG (Hz

4000+

variability(Hz)
N

Ish/

Onset

LI TN T TR

Isl vs Ish/ speaker variability

240 250
Is! variability (Hz)

Stuart-Smith et al 2020,
LabPhon17



Issues for ethics and data
management

* multi-site project (UK, Canada, US) with
differing data protection laws

* diverse public and private speech datasets

* proper acknowledgement for sharing existing
speech datasets, each arising from huge
amounts of time, energy and effort

Sonderegger et al (forthcoming 2021), MIT Open
Handbook of Linguistic Data Management



Data Guardians

* an institution, individual, or both,
responsibility for one or more speech ==
dataset

* SPADE worked with DGs to ensure data sharing
occurred in line with their specific wishes
e primary (personal) data: raw audio and text files

* secondary data: anonymised derived datasets of
measures produced by SPADE for sharing back to
DGs, and deposit as appropriate



acknowledging our Data Guardians

* The SPADE Consortium is last author for all outputs
using the SPADE datasets (Michaelis et al. 2013)

* irrespective of which corpora are the basis of
particular analysis for presentation/publication

* DGs can track the use of secondary data
made possible by their data sharing

* possible precedent for future projects

https://spade.glasgow.ac.uk/the-spade-
consortium/
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Data Transfer Agreement

e drawn up at Glasgow to adhere to UK/EU General
Data Protection Regulation (GDPR)

» confirms responsibilities of data holders (SPADE)
and Data Guardians for primary and secondary
datasets

* enabled DGs to specify what SPADE may/may not
do with their data, including specific requirements

e particularly for private datasets



underpinning agreements -
Z1 LSS

1. Research Collaboration Agreement between all 5
institutions in all three countries (UK, Canada, US)
provided basis for secondary data sharing within
project team

2. Data Sharing Agreement between UK and
Canadian institutions provided basis for sharing
primary datasets
NB US institutions could not participate due to
incompatibility of data protection laws
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‘the only thing | think some of the classes are’

getting from sibilant sounds to
reliable measures
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Issues for measuring sibilants

The usual suspects:
* spectral estimator — FFT or multitaper
* sampling rate — spectral range

* measures — peak, Centre of Gravity, amplitude
difference, etc.

e.g. Koenig and Shadle (2013); Reidy (2015);
Stuart-Smith et al (2020), LabPhon17



Issues for measuring sibilants

Less usual suspects:

- sampling rate(s)

- window size, sampling rate, and bins
- recording quality



Sampling rate(s)

 Sampling rate determines spectral range over which
measures can be calculated — peak, but especially
COG - are sensitive to differences in spectral range

* SPADE datasets show 8 different sampling rates:
11,055; 16,000; 22,050; 22,051, 32,000; 44,100;
48,000; 96,000

 \We also discovered within-dataset differences for
sampling rate...



Sampling rate(s)

11025 16000 22050 22051 32000 44100 48000 96000

Dataset-a 0 0 0 0 4 111 18 0
Dataset-b 0 58 10 0 0 68 0 0
Dataset-c 0 60 57 0 23 4797 1545 0
Dataset-d 0 0 0 14 95 0 0 0
Dataset-e 0 0 0 0 0 144 144 0
Dataset-f 63 (] 0 0 0 1 0 0
Dataset-g 0 0 24 0 0 24 0 0
Dataset-h 0 0 0 0 0 4 42 0
Dataset-i 0 0 61 0 0 Fil 1 0
Dataset-j 0 0 332 0 15 13 0 0
Dataset-k 0 0 0 0 0 49 1 0
Dataset-| 0 0 17 0 0 107 21 25



Window size, sampling rate,
frequency bins

* checked measures made in two sequential
measurement rounds

* results from measurement roundl1 were +/-20Hz
different from measurement round2

e same dataset

* ‘same’ measurement strategy: multitaper spectra
from 25ms window

* the devil is in the detail



window
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window
length and
sampling rate
must fit
perfectly

22,050Hz
measured
with 25ms

window gives ' . .
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window captures 276 bins shifted window captures 277 bins

measures will vary within corpus by +/-20Hz



Window size, sampling rate,
frequency bins

* if we want to keep 25ms window + various
sampling rates across datasets

* and keep frequency bins, and so Hz measures
always the same

»we disregard the extra sample, i.e. always round
down (effectively makes the window fit)
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Differences in recording quality exist in SPADE datasets,
e.g. Sounds of the City dataset
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Rathcke and Stuart-Smith (2014)



Recording quality — a potential
solution

e take an average spectrum which reflects overall energy
differences in the signal during each recording

* implement a normalization procedure which is
workable and fast for processing ~40 datasets

» extract all utterances from a recording using ISCAN

» take 1000 equally-spaced spectra from across only the
utterances of each recording

» use the utterance spectra to derive mean/SD
amplitude for recording as a whole

» normalise sibilant spectra using utterance mean/SD
amplitude



Example dataset - Buckeye
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Example dataset - Buckeye
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Example dataset — SLAAP-North Carolina — African-American
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Issues for measuring sibilants

Less usual suspects:

- sampling rate(s)

- window size, sampling rate, and bins
- recording quality

» watch this space to discover how our solutions
impact on our measures, results, and
interpretations!



* We are gradually persuading our many birds of
many different, beautiful feathers, to flock
together...

* and in doing so, encountering many interesting
issues from working with multiple, diverse datasets




SPADE
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Workflow — this is complex but gives
the kind of idea...

DG completes Glasgow team (SPADE DG :
or their
Sf/sEgSthearcrj\. sen;G » form and and Contracts office) » institution sign
anadian ) returns to » check, sign and return d return f
DTA form for completion Glasgow form anareturn form
|
v
(Primary) data Dfot?ecs,l::gif and Data sent to McGill
transferredf usually » (pEIas it » (Canada) usually via
via secure link gow, allg secure SCP transfer.
upload necessary
Derived (secondary) .
Derived (secondar
MEaSl,]Lremednts anonymised datasets anonymi(sed datasZ’Zs (Similar
taken from data B | produced and used » deposited (where workflow
using ISCAN (wh itted) f P between the
software (usually) at WhEre permitiedy tor permitted) on SPADE US (NCSU)
_ SPADE research . .
McGill repository and McGill

for US data)



