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Abstract

This thesis explores novel applications of phonetic theory to enhance our understanding of
Automatic Speaker Recognition (ASR). Previous studies typically only explore the
performance of one phonetic feature in isolation; instead, this thesis explores bespoke,
systematically-validated combinations of many different phonetic features. Sociophonetic-
tailoring is also uncommon in previous literature, so this thesis also explores how these
features can be fused together in optimised ways for different accents and speech styles. This
thesis finds that all of the tested phonetic features can be effective for ASR, but tailoring
approaches to different accents and speech styles is the most important consideration in terms
of overall performance. That said, higher formants were generally found to be most effective
for ASR whilst features relating to non-modal voicing were found to be least effective. As the
tested (socio)phonetic features are all explainable, a potential future application of these
findings is to improve the explainability of ASR systems. ASR systems are increasingly
present in modern society and they are undeniably powerful, but their inner workings are not
fully explainable; they are considered ‘black boxes’ by researchers like Rudin (2018) and
they are becoming increasingly distrusted by triers-of-fact (van der Veer et al., 2021). When
tested on their own, the bespoke combinations of explainable phonetic approaches performed
worse than state-of-the-art ASR systems, but this reflects the known trade-off between
explainability and performance (Moez et al., 2016). However, this thesis also finds that its
best-performing phonetic approaches to ASR do not have a detrimental impact to the
performance of off-the-shelf ASR systems when they are fused together; as a result, these
explainable, bespoke, combinatory phonetic approaches could be fused with ASR systems to

add an extra element of explainability to them without concern for performance.
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1. Introduction

This thesis explores how phonetics can be used to enhance approaches to ASR. It does this
using a novel, bottom-up approach that tests multiple phonetic features, measured from
different phonemes, in different combinations. From this, it identifies the best combinations
of features for characterising speakers varying across different sociophonetic dimensions,
such as their accent. Unlike other research in this area, only a limited number of prior
decisions are made with feature selection; instead, every possible combination of the selected
features is tested to identify the best combination without bias. This combinatorial approach,
plus the observation of multiple sociophonetic dimensions, is novel to the field. This thesis
successfully identifies that all of the tested phonetic features can be effective for ASR, but
tailoring approaches to different accents and speech styles is the most important consideration

in terms of overall performance.

In terms of real-world applications, this information could inform the explainability of
Automatic Speaker Recognition (ASR) in future studies. ASR refers to the task of comparing
or verifying speakers with minimal human input based solely on information that can be
captured from a recording of a speaker’s voice. The presence of ASR in modern society is
rapidly expanding: judicially, French (2017) writes that ASR is employed in courtrooms
around the world as a form of forensic evidence that compares and evaluates audio recordings
containing known and unknown voices, such as incriminating phone calls. Commercially,
such systems have also been employed by banks like HSBC (2023) since 2016 to verify the
identity of their customers over the phone. The ASR systems used for these tasks are
undeniably powerful: Morrison and Enzinger (2019) found that current DNN-based, state-of-
the-art systems are capable of extremely accurate and reliable recognition, especially when
they are trained on case-specific data. However, it is not easy to explain how the output of
these systems is consistent with the input they draw upon and process. This is because
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modern ASR systems are trained on huge and diverse data sets, modelling spectral features
such as Mel-Frequency Cepstral Coefficients (MFCCs) in ways that cannot be easily
explained, even by their developers. System output can still be presented as validated
evidence, but researchers like Rudin (2018) argue that ASR systems are now ‘black boxes’
because the information and features used to generate their conclusions cannot be explained
clearly. This problem has gotten worse over recent years due to the massive rise in the use of

machine learning within these systems, as the following chapter discusses.

As a consequence of this, van der Veer et al. (2021) argue that triers-of-fact now want to
understand machine learning systems better so that they can better trust their output.
However, ‘understanding’ can take many forms: Pruksachatkun et al. (2023) write that
machine learning models should be interpretable, meaning the output can be understood and
trusted as valid, and explainable, meaning the processes generating the output can also be
understood. Explorations of interpretability are frequently prioritised over explainability in
related, forensic settings: for example, Garrett and Mitchell (2013) found that, in regards to
fingerprint evidence, information about how to interpret fingerprint evidence is more

impactful to triers-of-fact than a scientific explanation of how a fingerprint is analysed.

While it is widely recognised that interpretability and explainability are also relevant aspects
of forensic voice evidence, there appears to be less consensus on how they are defined or
implemented in practice. For example, Morrison et al. (2021) write that triers-of-fact do not
need to be able to understand how ASR systems work, they only need to understand that they
have worked before under similar conditions. Morrison et al. (2021) label this reading of

interpretability as validation.

The scientist’s goal here, overall, is to minimise the probability of a miscarriage of justice.

Interpretability and explainability can both guide approaches towards this goal. That said, the
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reasons behind the above prioritisations of interpretability are logical: explainability is
significantly more complex and potentially unnecessary if the evidence generated by such
systems can already be trusted based on prior validation. However, there is rising interest
surrounding the potential benefits of explainability: for example, Eldridge (2019) provides an
overview of literature from cognitive science which suggests that triers-of-fact can struggle to
see the importance of validation statistics alone when it comes to decision-making. Eldrige
(2019) hypothesises that some triers-of-fact may trust validation statistics more if they can
understand more about how they were generated, specifically by drawing on prior

understandings and perceptions of the evidence that is being validated.

ASR applications aside, the present thesis primarily explores novel methods of characterising
speakers using (socio)phonetic theory. Specifically, this thesis explores how measurements of
selected phonetic features (which have all been found to be capable of characterising

speakers individually, as the following chapter shows) can be combined to characterise
speakers from different sociophonetically distinct groups. Only after establishing this does it
then suggest that these phonetic approaches are all somewhat explainable (given that they can
all be correlated to features of the voice that triers-of-fact can perceive, as the following

chapter argues), and as such they could potentially aid in explaining ASR.

Many studies already exemplify how phonetically-informed approaches to ASR can be tested
and how such results can help improve explainability in ASR: for example, Hughes et al.
(2019a) combined phonetic features that characterise laryngeal voice qualities, such as mean
harmonics-to-noise ratio which perceptibly correlates to breathy and creaky voicing, with an
ASR system. The inclusion of this feature did not change ASR system performance
significantly for most of the replications, but the processes behind the output of the tested

ASR system can now be considered more explainable: the validated ASR system output is
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now known to be based on information related to breathy and creaky voicing features that

triers-of-fact can perceive and understand.

One could argue that, alternatively, these results show that fusing phonetic approaches to
ASR with current ASR approaches is pointless: if ASR systems already perform so well, then
including these additional phonetic elements that have no impact on performance is
unnecessary effort. This is a valid perspective, but it disregards van der Veer et al.’s (2021)
concerns about triers-of-fact trust in validation statistics and Eldridge’s (2019)
recommendation for more explainable information to be included to support validation
statistics. Having the ability to include more explainable elements, such as phonetic features,
without any cost to performance could therefore be a low-risk way of accommodating these
concerns and recommendations that, ultimately, seek to minimise the probability of a
miscarriage of justice. Additionally, Hughes et al. (2019a) found that the performance of
ASR approaches declined substantially with poorer-quality recordings whilst the performance
of phonetic approaches remained more consistent; thus, from an ASR performance
perspective, phonetic approaches may aid in maintaining consistent ASR performance across
different recordings, particularly when some recordings are of poorer quality. They also
found that phonetic approaches were generally more consistent when recordings were of a

short duration, like the isolated vowels that this thesis explores.

In some of their replications, Hughes et al.’s (2019a) study even showed that mean
harmonics-to-noise ratio could improve the performance of these ASR systems. While this is
only an additional potential benefit of consulting phonetic approaches, a performance boost
inadvertently also helps explain the ASR system better: it shows that the underlying
processes employed by this ASR system may not have originally accounted for breathy or

creaky elements of the voice, but with the inclusion of mean harmonics-to-noise ratio now
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boosting performance, this means that these perceivable elements of the voice are now

accounted for and must be important to the improved output.

This study provides evidence that phonetic approaches can be useful for ASR, that they can
already be fused into ASR systems, and that they could improve the explainability of an ASR
system’s output. However, studies like Hughes et al.’s (2019a) could be taken further: their
study, alongside many others, only focuses on a single phonetic feature or segment at a time.
Additionally, they rarely ever consider sociophonetic variation: they only look at one accent
or one style and the specified accent is typically over-generalised with tags like ‘British
English’. This thesis aims to address this research gap through a more in-depth, phonetically-
informed exploration of ASR. It does this in a novel and original way: it investigates fused
combinations of multiple phonetic features and segments and identifies how these
combinations can be tailored to different sociophonetic variables. All of this is explored by

asking the following research question:

What explainable phonetic approaches to ASR, ranging from features to segments, are

best for recognising different speakers and speech styles?

The original contributions of this thesis are twofold. Firstly, a replicable, modifiable, semi-
automatic methodology for testing novel, combinatory phonetic approaches to ASR has been
created. This methodology, as detailed in chapter 3, allows users to identify the best
combinations of phonetic features for characterising speakers from different segments of
speech. The second contribution of this thesis is three examples of how this methodology can
be used to identify tailored combinations that characterise sociophonetically distinct speakers

and speech. The three tested groups are:
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e Southern Standard British English (SSBE)-accented speakers producing read speech.
e SSBE-accented speakers producing free speech.

e West Yorkshire-accented speakers producing free speech.

There are multiple applications of these findings. Most importantly, this thesis provides novel
and fundamental evidence for understanding the phonetic bases of how voices differ.
Secondly, it proposes a bespoke, bottom-up way of selecting features on a group-by-group
basis for ASR. Thirdly, the tailored combinations of phonetic approaches identified here
could now, theoretically, be measured and fused with ASR systems in scenarios where the
target speaker and speech matches the sociophonetic profile of one of the tested datasets.
Taking and including these tailored phonetic approaches could provide the option for
increased explainability, should triers-of-fact require such additional information, with
minimised cost to performance. That said, this thesis employs controlled data; thus, the
specific combinations generated here serve more as proof-of-concept that this approach can
work rather than practical, usable approaches. Future work should test more forensically-
realistic data, and this leads to the final major application of these findings: with these three
examples as templates, future research could now test different datasets to identify more

tailored phonetic approaches for different speakers and speech.

This thesis is now structured as follows. The following chapter reviews pertinent literature to
this thesis, mostly focusing on previous ASR studies which explore the different phonetic
features, segments, and sociophonetic variables that are tested in this thesis. Chapter 3 then
details the developed methodology for testing and validating novel combinations of phonetic
approaches for ASR. Chapters 4-6 then detail the results of this study in light of data
extractability, how these (socio)phonetic approaches perform individually, and how these
approaches can be combined to optimise ASR performance with the three datasets. This will
then lead to a full discussion in chapter 7 of how phonetic approaches can be combined in
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optimised ways, why certain trends emerged across the data regarding the performance of the
selected features and phonemes, how these optimised phonetic approaches can now help
explain ASR output, and how these phonetic approaches can be practically fused with current

ASR systems without any detrimental impact to performance.
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2. Literature Review

Given that this thesis is exploring phonetic features and their capacity for ASR from an angle
of eventually supporting ASR, literature concerning modern ASR approaches, and the
currently minimal use of phonetic approaches, is reviewed first in (2.1). This is done by

providing:

A general explanation of ASR today.

- An overview of the history and evolution of ASR approaches from their phonetically-

informed origins to the fast and efficient approaches used today.

- A 'look at current state-of-the-art approaches to ASR with particular focus on the
features used and how these perform with speed and accuracy at the cost of a fully-

explainable approach.

- A look at the findings of other researchers and developers who are already

incorporating phonetics into ASR approaches.

This section helps identify where phonetic approaches to speaker recognition began and how
they once informed ASR, how these approaches could still assist in explaining ASR output
today, how other research projects and authors are already improving ASR explainability
using phonetic approaches to speaker recognition, and how present speaker recognition
research builds on both the history of ASR and on the work of current researchers applying

phonetic theory to ASR.

Following this short section, the rest of the literature review (2.2-2.5) is dedicated to
establishing the full range of phonetic approaches that are explored by this thesis for ASR.
This is done by exploring literature on how explainable and accurate a number of phonetic

features have already proven to be for ASR. Additional attention is also paid to how
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responsive these phonetic features are to capturing sociophonetic differences and how these
features can be measured from different phonemes in speech. This review therefore enables
this thesis to explore novel, combinatory phonetic approaches to ASR from a feature,
segment, and sociophonetic perspective. Finally, the final section of this chapter (2.6)

summarises the directions of this thesis based on all of the reviewed literature.

2.1. ASR

ASR refers to the technological process of comparing and verifying speakers based on their
unique vocal characteristics. Using many features and methods that are detailed extensively
below, modern ASR systems follow the following broad processes detailed by Kaminski and

Dobrowolski (2022):

1. Speech signal acquisition, where the recordings of speakers who will be identified or
verified are collected along with the training database.

2. Signal pre-processing, where silence is removed and the frames of speech for analysis
are selected.

3. Extraction and selection of distinctiveness features, wherein optimised features and
measurements for recognising the speakers are created automatically for use in ASR.
The nature of these features is discussed throughout this section.

4. Decision-making, wherein the probability that a signal came from one speaker or

another is calculated using the generated ASR features.

More detail surrounding how ASR systems utilise, vary along, and developed towards the use
of these stages is covered throughout the following account of the history of ASR, building
up explanations and detail about systems that are relevant to contemporary forensic ASR and
what techniques they employ. Shaver and Acken’s (2016) succinct account of ASR’s

development over the past century is consulted to track ASR developments in this section.
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The importance of this section is to highlight how ASR development has been motivated to
employ advances in computer science and engineering in order to improve validity, but
moving away from phonetics has led to a decline in explainability. This section ultimately
draws attention to the strengths and weaknesses of both modern ASR approaches and
traditional phonetic analyses: the ease of validating (but difficulty explaining) ASR methods

and the ease of explaining (but difficulty validating) traditional phonetic analysis.

2.1.1. The History of ASR

Starting with the origins of ASR, the field was originally born out of phonetic theory and
from work that was not, initially, automated. Unfortunately, this early work is plagued by
serious methodological failure and its developments have been widely denounced by the
forensic phonetics community as a result. The most prolific example of this early work is
Kersta’s (1962) study on ‘voiceprints’. Working for Bell Laboratories, Kersta (1962)
developed the first approach to manual speaker recognition. His method rudimentarily
observed basic phonetic attributes of a speaker’s voice (frequency and intensity) as a means
of profiling them. Measurements of these phonetic features can be valid when measured
effectively; as is discussed, they are still seen in modern ASR research today. The problem
here, however, arose from how ineffectively Kersta (1962) measured these features: he
vaguely eyeballed spectrograms, which he labelled as ‘voiceprints’, as a means for
recognising speakers from speech. Spectrograms are visual representations of speech laid out
in a specific way: the x-axis charts time, the y-axis charts frequency, and the z-axis charts
intensity. These axes can be measured in milliseconds, kilohertz (kHz), and decibels (dB)

respectively. Examples of voiceprints are included and criticised below.

Kersta (1962) claimed that the voiceprint of a new utterance recorded from a given speaker

could be visually compared to older voiceprints of the same utterance produced by the same

22



or different speakers as a means of recognising whether the same speaker or a different
speaker produced the new utterance. Unfortunately, this claim is empirically and
fundamentally flawed. Not only is eyeballing, or even detailed visual inspection, too
unspecific to be used as forensic evidence, it does not work even when attempting to employ
it as a methodology for speaker recognition. Bolt et al. (1969) show this through a visual
comparison of the four voiceprints found in Figure 1 below. These voiceprints are of three
different speakers producing the word ““science”: the top two are produced by the same
speaker and the bottom two are produced by two different speakers. According to Kersta
(1962), the top two ‘voiceprints’ should appear the most visually similar because they were
produced by the same speaker. However, here they actually appear more visually distinct
than similar; especially in amplitude. This highlights the first problem: speakers never
produce the same utterances in exactly the same way every time they produce them. Any
differences in frequency or amplitude will therefore result in a visually-distinct second
‘voiceprint’. In further critique of Kersta’s (1962) ‘voiceprints’, the bottom two ‘voiceprints’
are not visually distinct enough from the first ‘voiceprint’ to conclude confidently whether
they were produced by different speakers or not; the bottom two ‘voiceprints’ could easily
have been produced by the same speaker as the first ‘voiceprint’ but louder, given the visual
change in intensity. The overarching problem, therefore, lies in the inaccuracy of the
eyeballing method: without a quantifiable and verifiable methodology for the actual
comparison of ‘voiceprints’, Kersta’s (1962) method cannot reliably capture the similarities
between samples of the same speaker’s speech or the differences between different speakers.
At best, the only reliable conclusion that can be drawn from these ‘voiceprints’ is that the

same utterance was produced each time.
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Figure 1: Spectrograms Produced by Three Different Speakers Saying “Science” (Bolt

et al., 1969)
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Kersta’s (1962) method was therefore denounced by researchers like Bolt et al. (1969) for
being too unreliable and methodologically problematic. The initial implementation of
traditional phonetic analyses is therefore immediately poor. All that was taken from this study
moving forward was the simple method of comparing speakers, the use of the spectrum, the
measurements of time, frequency, and intensity, and the clear need for a quantifiable and

automatable approach; everything else is too problematic.

It would take a further 15 years for the first arguably successful approach to ASR to arise. As
reported by Doddington (1985) concerning their earlier work from 1977, Doddington (1985)
also chose to analyse the spectrum but did so with a much more successful methodology for
recognition. Moving away from vague and undefined visual comparisons, Doddington (1985)
used Digital Filter Banks (DFBs) that awarded much deeper analyses. DFBs separate a
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recording of speech into separate frequency sub-bands that can be analysed separately and
independently using frequency and intensity. Note that these are the same phonetic features
seen in Kersta’s (1962) method; however, Kersta (1962) was effectively analysing the entire
spectrum all at once. Using DFBs, Doddington (1985) instead broke the spectrum down into
smaller domains for separate, quantified analyses. This approach awarded much more
specificity in speaker recognition. It also retained explainability; frequency and intensity are

phonetic features that are already well-understood.

Doddington’s (1985) measurements taken from the DFBs of one recording are then compared
to those taken from another recording to judge whether the same speaker produced both
utterances or if the utterances were produced by different speakers. For the comparison task,
Doddington (1985) employed a more defined metric: Euclidean Distances (EDs). These are
measurements of (dis)similarity between two groups, here the data from the DFBs taken from
the two recordings, calculated as the shortest possible distance between the groups. Shorter
distances indicate more similarity between the groups, which here would show that the same
speaker produced both utterances. By contrast, larger distances indicate more dissimilarity

between groups, which here would show that different speakers produced the utterances.

With the measures of (dis)similarity collected as EDs, the success rate of these EDs for
speaker recognition is then calculated using Equal Error Rate (EER). EER is the combinatory
score of False Acceptance Rate (FAR) and False Rejection Rate (FRR). FAR is when a
different speaker is incorrectly recognised as the same speaker. Conversely, FRR is when the
same speaker is not recognised as the same speaker when they should have been. Fewer
FARs and FRRs are therefore better: an EER of 0% represents perfect performance, but 50%
represents failure. This is because 100% would represent the direct opposite of perfect
performance; one could therefore easily achieve perfect performance by doing the inverse of
this.
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The use of traditional phonetic analysis features here may make the recognition process more
explainable, but it is difficult to validate. Whilst EDs are an improvement over Kersta’s
(1962) eyeballing methods of validation, they are outdated today; speaker recognition tasks
validated using these metrics do not adhere to modern standards. This is because EDs only
take into account an overall degree of (dis)similarity; many, like Morrison and Enzinger
(2019), write that modern metrics should take into account the differences between speakers
with more specificity. Similarly, EER has also been deemed inappropriate for assessing ASR
performance for forensic purposes by Morrison et al. (2010) on the grounds that it does not
weigh the different strengths of these FAs and FRs; for EERs, a severe FA or FR is valued as
equal to a weaker FA or FR. Log-Likelihood Ratio Costs (Cy), alternatively, attributes more
weight to more severe FAs and FRs. This modern metric, deemed the modern standard by

Morrison et al. (2010), is used in this thesis and is discussed in greater detail later.

Keeping these critiques in mind, Doddington (1985) still used these feature measurements
and performance metrics to generate a speaker recognition approach that yielded an EER of
<1% in 1977. Though problematic, Doddington (1985) still showed that speaker recognition
approaches could be validated in more verifiable ways by 1977. That said, it still cannot be
concluded that the DFB-based approach designed by Doddington (1985) performs
impressively by modern standards because of the above problems surrounding its outdated
feature measurements and performance metrics. Furthermore, any conclusion about the
performance of Doddington’s (1985) approach is made more problematic when one considers
the data that Doddington (1985) used. Doddington (1985) exclusively used short recordings
of text-dependent speech, wherein the speaker is told exactly what to say in a scripted,
controlled environment. The analysis of text-dependent speech is therefore simpler than that
of text-independent speech, wherein the speaker is producing speech freely. This raises

concerns about the applicability of Doddington’s (1985) approach: as a result of this
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increased data control, better performance is to be expected. Doddington’s (1985) approach
may therefore not perform as strongly outside of this controlled data environment, especially
when more realistic, forensically-diverse data is used. This critique holds true for any study,
even today: as Morrison and Enzinger (2019) write, ASR systems always perform best on the
data they were trained on and performance declines outside of this. Furthermore, it is well-
documented that systems trained on text-dependent speech perform much worse when they

are tested on text-independent speech (Dufour et al., 2014).

This is not to say that there are no benefits to analysing text-dependent speech. In commercial
settings, for example, a fast, simple, and well-performing ASR system trained on text-
dependent data would be beneficial for scenarios where a customer is uttering a text-
dependent password that can be compared to a previous recording of that password.
Judicially, however, text-dependent speech has less use. Suspect and offender speech is
unlikely to be so controlled: a phone call, for example, will likely only contain natural,
uncontrolled, unscripted, text-independent speech. Greater focus on text-independent speech
can also benefit commercial audiences anyway: being able to verify the identity of a customer
from only their natural speech would offer a much more streamlined user experience that is
less intrusive than the use of a password that the customer may not wish to utter in a public
setting. As a result, whilst text-independent speech may present greater challenges in the
form of more variability, training ASR on such data offers greater rewards for users in the

form of wider applicability.

This tangential discussion of text-dependent and -independent speech is important because
the recognition of this text-dependence issue in Doddington’s (1985) study, plus the
desirability of recognising speakers from text-independent speech for judicial and
commercial ASR purposes, drove ASR research forward. It also shows that sociophonetic
variables, here speech style, have always been important to consider in ASR. Problematically,
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however, ASR researchers also recognised that using text-independent speech meant
processing more variables, and current phonetic approaches limited the opportunities to do

this.

This processing research gap was one that computational and engineering-related researchers
would now come to address. With this, an era of ASR research more concerned with ASR
modelling and processing began. It was not an immediate change of goals, however; there
were still some more developments related to ASR features that were established in this era
that will first be discussed. Most notably, Luck’s (1969) investigation into how analyses of
the cepstrum could be employed in ASR research was overlooked at the time, but Luck’s
(1969) study continues to inform ASR today because it predicted the development of Mel-
Frequency Cepstral Coefficients (MFCCs) which are discussed momentarily. Cepstral
analyses separate spectral analysis, such as those seen above in Doddington’s (1985) work on
DFBs, into further component sources and filters. Theoretically, the source here is the
underlying periodic waveform of voiced speech produced by vocal fold vibration in the
larynx whilst the filter is what modifies this waveform; this can be different manners of
articulation, for example. These filtering elements complicate the source by modifying it; if
one wants to capture information about the source and the unique make-up of one’s vocal
tract, the effects of the filtering elements must be accounted for and subtracted, and vice
versa for the information about the filters. Whilst this provides more avenues for measuring
more elements of a speaker’s voice more specifically, Titze (2008) writes that the proposed
de-coupling of the source and the filter is not borne out of empirical research; it is a
theoretical assumption. They point out that this theory is challenged by the fact that when
measuring information about cepstral coefficients, information about the source and filter are

captured together; they cannot be as cleanly divided as the theory suggests.
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The practical potential of cepstral analyses, however, would go unnoticed for 5 years until
Atal (1974) found that cepstral analyses outperformed all other approaches to ASR at the
time: based on 50 milliseconds of text-dependent data, the cepstral analysis method
accurately recognised the speaker 70.3% of the time. Atal (1974) also found that the cepstral
analysis method’s success rate increased to 98% when 500 milliseconds of data was used. At
the time, this was the best-performing approach; however, this study’s design unfortunately
does not hold up against modern standards because it used minimal data from only 10

speakers, all of which was text-dependent.

The turn to ASR modelling and processing, and the influx of computational and engineering-
based research, began in the 1970s as a direct result of the desire to approach more complex,
text-independent speech. The cepstral analysis development was used as a springboard into
studying more abstract representations of the voice using computational and engineering-
based approaches that simplified the necessary processing. More specifically, cepstral
analyses led to the first major advancement in this period of ASR’s development:
Mermelstein’s (1976) Mel-Frequency Cepstral Coefficients (MFCCs). MFCCs are crucial
features for ASR generated via the following processes: firstly, firstly, audio is segmented
into overlapping timeframe windows, typically around 20 to 25 milliseconds with a 10-
millisecond shift.. Each of these frames is then multiplied by a window function to reduce
edge effects and is then transformed into the frequency domain using a Discrete Fourier
Transform (DFT).,. This breaks each frame down into its component frequency spectrum,
and from this, the power spectrum is computed. Next, a set of overlapping triangular filters
called Mel filter banks is applied to the power spectrum. These filters are spaced according to
the Mel scale, which approximates how human hearing perceives pitch: it is more sensitive to
changes at lower frequencies and less so at higher frequencies. To reflect this, the filters are

more densely packed in the lower frequencies. Each filter captures the total energy within its
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frequency band by summing the power spectrum values it overlaps. These resulting energy
values are then logarithmically scaled to mimic the human perception of loudness. As such,
a general focus on interpretability remains with MFCCs. The final step is to apply the
Discrete Cosine Transform (DCT) to the log-scaled filter bank energies. This
transformation compacts the information by decorrelating the features and emphasizing the
overall spectral shape. The output is a set of values called Mel-Frequency Cepstral
Coefficients (MFCCs), which represent the short-term power spectrum of speech in a
perceptually meaningful way.The following visualisation in Figure 2 by Son et al. (2019)

visualises these stages, and each stage in the above description has been flagged in bold.

Figure 2: Stages of MFCC Extraction (Son et al., 2019)

Audio [~ Windowing | DFT || Spectral

—p| Mel-frequency | Log() P DCT || MFCCs

Technical explanations aside, MFCCs essentially represent a way of combining multiple
important features into one measurement for ASR. Specifically, they represent a combination
of frequency and amplitude measurements taken from the voice through the multiple
transformations detailed above. These transformations and combinations still represent the
information from the original signal, and are therefore still explainable to an extent. This is an
important breakthrough for ASR: Kinnunen (2003) writes that, with traditional phonetic
methods prior to MFCC-based approaches, it was computationally inefficient to analyse the
spectrum with such specificity. Breaking it down into smaller, more computationally-efficient

components, such as MFCCs which capture the entirety of the intensity spectrum’s most
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salient frequencies, allows for faster ASR that can tackle the needs of text-independent

speech in ways that could not be achieved before.

All that said, MFCCs are not without controversy: recently, Gourisaia et al. (2024) found that
MFCCs are too sensitive to background noise and this can affect the reliability of the feature
extraction process. They recommend alternative measurements, such as Short-Time Fourier
Transforms (STFTs), which they found to be more effective with noisy data. Other solutions
involve improving MFCCs by normalising cepstral means, as Hautamaki et al. (2008)
recommend, or compensating for the included noise by subtracting the average of the noise in

each band (Nasersharif and Akbari, 2007).

The next big developments came in the 1980s and 1990s when ASR research began to focus
more on modelling than on features. The first of these modelling techniques, developed in the
1980s, was the Hidden Markov Model (HMM). These were popular amongst ASR developers
because HMMs created abstract probabilistic models of linear sequences of data, such as
MFCCs. They did this in a reduced, conceptual, mathematical space that is much more
computationally efficient than the original features taken from the actual recording; in short,

this development sped ASR up even further.

At this point, it is worth acknowledging emerging debates at the time. Levinson (1994)
overviews how the emergence of these more abstract approaches led some researchers at the
time to declare this era as revolutionary based on the speed and accuracy of these newfound
approaches. However, Levinson (1994) criticises these researchers for mistaking
developments in computer hardware, which are responsible for the achieved speeds and
accuracy, as developments in speech recognition. Levinson (1994) also draws specific
attention to the use of unrealistic data, such as text-dependent speech, as further infringing on

these conclusions about the strength of these technological advancements. However, whilst
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Levinson’s (1994) claim that further advancements were needed in ASR is strong, MFCCs
were still born out of this era and they are still used in ASR today; this was still, therefore, a

critical period for the advancement of ASR.

After HMMs came Gaussian Mixture Models (GMMs), a related major development that
occurred in the 1990s. Furui (1997) succinctly summarises GMMs as weighted density sums
computed from Gaussian components measured from speech. More specifically, these sums
are the results of parametric statistical models that measure the probability distribution of
normally-distributed, continuous dependent variables found in the original recording; the
Gaussian components. These components are composed of the cepstral features previously

discussed, such as MFCCs.

Alongside GMMs, another vital development in the 1990s for ASR modelling came in the
form of Universal Background Models (UBMs). UBMs are representations of any data using
any number of features that are pooled from any number of sources; they effectively offer a
generic, widespread snapshot of what data looks like across a large corpus. For the purposes
of ASR, UBMs represent features of the voice pooled from multiple speakers and therefore
offer an image of what speech generally looks like. UBMs are regularly combined with
GMM approaches to create GMM-UBM ASR systems. First, the UBM is a large GMM
trained on speech from a wide range of speakers. This captures a general picture of speaker-
independent characteristics. A GMM for a target speaker is then also created by adjusting this
UBM using recordings from the target speaker. When a new recording from the target
speaker is evaluated, the system compares how well the acoustic features of the new
recording fit that target speaker's GMM versus the generalised UBM. If the new recording is
more likely to fit the speaker model than under the UBM, the speaker is more likely to be
accepted; if it's more likely to fit the UBM, the speaker is more likely to be rejected. These
calculations are made using Cy,, which will be discussed soon. After GMMs, the next notable
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development to discuss is i-vectors. These were popularised in the early 2010s as a way of
simplifying ASR processing further: instead of modelling elements of speech like previous
approaches have, this approach takes the whole recording, irrespective of its content, and
represents the speaker-dependent and channel-dependent features of the recording in the
lowest dimensional space possible. This is a computationally-efficient approach that abstracts
measurements of a recording without consideration for what is and is not the voice; it is fast

and efficient as a result.

Evolving from this, the most recent major development in ASR has been the use of Deep
Neural Networks (DNNs) and classifiers. These can identify the most important features of a
speech signal to measure for ASR purposes all on their own; minimal input from researchers
and developers is needed. Such approaches have proven extremely powerful performance-
wise, as seen in the results of Morrison and Enzinger’s (2019) paper comparing the
performance of modern ASR systems, but they are also less explainable. The measurements
created by these DNNs and classifiers cannot be fully explained by their human developers:
how these measurements are created by the system and the data that they use can be
understood, but it is unclear what information from the data has actually been considered

important or unimportant enough to be included or rejected in the created measurements.

Exploring these DNNs and classifiers further, they convert measurements like MFCCs into
even more abstracted representations of data called x-vectors (Shaver and Acken, 2016).
These x-vectors are singular measurements that combine multiple measurements, such as
MFCCs, into a further unitary measurement. By reducing all of these measurements of
speech into one singular vector, the computational cost of comparing a new recording to a
prior recording and a UBM is reduced significantly, allowing the system to perform much
faster. By containing all of this information, they are also extremely accurate, as seen from
Morrison and Enzinger’s (2019) tests of multiple ASR systems.
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The emergence of modern ASR approaches like x-vectors has made ASR better than ever
before in terms of accuracy and speed. However, through abstraction, a decline in
explainability has occurred. The previous chapter highlighted literature from Morrison et al.
(2021) suggesting that explainability is less important than validity, but literature was also
highlighted from Eldrige (2019) and van der Veer et al. (2021) suggesting that some degree
of explainability may improve declining public trust in ASR systems. Thus, the present thesis
seeks to explore ways of reintegrating explainability by consulting traditional phonetic
analysis methods that are more explainable, as the rest of this chapter establishes. However,
from the literature reviewed in this section, this thesis recognises the detrimental effect that
phonetic approaches have had on ASR historically and how, from a performance standpoint,
they have also been far surpassed by modern ASR approaches. As such, this thesis primarily
focuses on the potential of phonetic approaches for speaker recognition. From this, it then
goes on to explore the practicality of implementing these phonetic approaches to speaker
recognition alongside current ASR approaches. Thus, this thesis does not suggest that
traditional phonetic analyses should be used as a replacement for any element of modern
ASR, nor does it suggest that traditional phonetic analyses can be used as an end-to-end ASR
approach. It instead suggests that explainable phonetic approaches found to be successful for
speaker recognition could complement ASR output by adding an additional element of
explainability to the system. This is how the present thesis will build upon the history of
ASR. The developments seen in traditional phonetic analyses for speaker recognition will

now be reviewed in the following sections.
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2.2. Considering Phonetic Approaches in ASR

Phonetic theory can achieve a degree of explainability in ASR, and reviewed research has
already begun to show this. As discussed in previous chapters, Hughes et al.’s (2019a) study
successfully incorporated mean harmonics-to-noise ratio, a phonetic feature correlated to
non-modal voice qualities such as breathy voice and creaky voice, alongside commonplace
ASR features like MFCCs. Zarate et al. (2015) found that human listeners find phonation
information critical in speaker characterisation tasks, so it is expected that this phonetic
feature can perform well. Hughes et al. (2019a) were not looking to replace current ASR
approaches; only explore and assist them using phonetic theory. They used EER to evaluate
the performance of an ASR system with and without the laryngeal voice quality features in
same-speaker scenarios and different-speaker scenarios. They also replicated their procedure
20 times to factor in sampling variability. As they predicted, performance was unchanged for
most replications; however, as mean harmonics-to-noise ratio can be correlated to an
explainable and perceivable element of a speaker’s voice, this means that including this
measurement as part of the ASR input added an additional element of explainability to the
system with no detrimental impact to ASR performance. Through the lack of change in
performance, this also implies that the current ASR approach may already capture
information about these laryngeal voice quality features, so these are now better understood
too. This explainable, assisting position of phonetic information is what this thesis seeks to
explore but on a bigger scale, incorporating more features, analysing speech from different
sociophonetically-controlled groups, and considering phoneme-level analyses, as the coming

sections establish.

In two of Hughes et al.’s (2019a) replications, the combination of prior methods and the
included phonetic approaches yielded an impressive EER of 0%. This could suggest that
phonetic approaches can even improve upon performance, given that this was the best EER
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reported in the study; that said, it must be noted that this is an exceptional result. Such
extreme performance may also be due to the fact that the data was controlled and used
repeatedly in all scenarios. In short, the materials were favourable for performance. The ASR
system tested was also not current to the time of study and may not have reflected current
ASR performance. Similarly, the use of EER here is outdated: as discussed in the previous
chapter, Morrison and Enzinger (2019) write that EER cannot capture the different severities

of different errors like Cy, a more modern metric.

It must also be discussed that, despite over half of the replications being positive for the
future use of phonetic approaches, 5 of Hughes et al.’s (2019a) replications saw performance
actively decrease with the inclusion of laryngeal voice features. This may indicate that
phonetic approaches could be harmful to ASR. Despite this, Hughes et al. (2019a) also found
that the rate by which performance worsens when the audio quality is reduced is always
slowed by including laryngeal voice quality features. This indicates that phonetic approaches
to speaker recognition may still prove useful for improving the overall performance of ASR,

particularly when poor-quality audio is used.

Finally, Hughes et al. (2019a) also found that, when considered in isolation as the only
features used for ASR with no other modern approaches, laryngeal voice quality features can
be used to create an ASR system with an EER of 6%. This is solid performance, but as seen,
better performance was observed in combination with ASR approaches. As such fusions are
possible, their study therefore overall shows that there is no need to consider phonetic
approaches in isolation for practical applications anyway; they can likely be combined with
ASR systems, offering an additional element of explainability to the system, without impact

to system performance.
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Other studies have also investigated how phonetic approaches can be employed to improve
ASR explainability. For example, Gonzalez-Rodriguez et al. (2014) analysed the false
acceptances and rejections of an ASR system from a phonetic perspective to try and diagnose
why these false hits were returned. They found that differences in voice creakiness, a
perceivable and explainable phonetic voice quality, could account for whether a speaker was
accepted or rejected. This phonetically-informed finding improves the explainability of the
tested ASR approach: it is now known that the methods used by this particular ASR system
must not measure voice creakiness. Explainability this way can help ASR developers
improve the reliability of their ASR systems: it indicates that performance should improve if
information relating to voice creakiness is measured. This could be achieved through fine-
tuned adjustments to more powerful ASR features, like MFCCs, or by integrating related
phonetic features, like mean harmonics-to-noise ratio. Therefore, the issues facing ASR

approaches can also be diagnosed and explained using phonetic theory.

Continuing this theme of using explainable phonetic theory to explore these modern ASR

systems, research in this area can be generally categorised in two ways:

1. Using explainable features, like phonetic features, either to diagnose how these
modern approaches work or to add an additional element of explainability to the
system. This was seen in Hughes et al.’s (2019a) above study of mean harmonics-to-
noise ratio.

2. Looking at the errors generated by an ASR system and inferring what explainable
phonetic aspects of the voice they are failing to observe. This was seen in Gonzalez-

Rodriguez et al.’s (2014) above study of voice creakiness.

The following study by Skarnitzl et al. (2019) falls into the first area of research above. They

aimed to interpret the features employed by VOCALISE, a modern ASR system. They
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measured the EER performance output of this system in two languages under two conditions:
one with the data simply as it was recorded, one with the fundamental frequency (f0) of the
recording raised by 4 semitones and the intensity raised by 8%. The two languages consulted
were Persian and Czech and the databases for both contained 100 speakers. The speakers
were all male and were recorded under the same conditions to reduce the confounding effects

of any variables relating to speaker identity and recording conditions.

Skarnitzl et al. (2019) found that VOCALISE performed better in Persian in the baseline data
condition with an EER of 1.12% than it did in the Czech baseline condition where the EER
was 4.2%. However, the inverse was true when the f0 and intensity were altered: the Persian
EER raised to 2.44% and the Czech EER lowered to 2.42%. These findings are important to
ASR for a number of reasons: firstly, this study shows that two well-studied phonetic
features, f0) and intensity, are integral to the processes employed by this ASR system because
altering them in both languages affected ASR output. Secondly, it shows that different
languages must have different needs in ASR that VOCALISE cannot holistically
accommodate, but these differences can be accounted for using phonetic features: f) and
intensity proved necessary for ASR in Czech because performance improved, but not ASR in

Persian because performance declined.

This study broadly demonstrates that phonetic approaches to speaker recognition can be used
to support ASR for two reasons: firstly, it shows that the output of modern approaches can be
explained to some degree with phonetic approaches. By altering f0 and intensity and seeing a
change in the output, this provides a direct insight into how the ASR system worked,
specifically that the present system must consider some measurement of f0) and intensity in
some way and to some extent when characterising the speaker. These are perceivable
elements of the voice that triers-of-fact know of, and it may therefore help boost their trust in
ASR output by explaining that this phonetic information is important to the output. Secondly,
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it identifies language diversity as a variable that can directly affect the output of an ASR
system. Acknowledging this, ASR output could be made more explainable by profiling and

tailoring approaches to specific language varieties that triers-of-fact recognise.

2.3. Considering Phonemes in ASR

Thus far, the focus of this review has been primarily on phonetic features for ASR; however,
it is equally important to consider where these phonetic measurements should be taken from,
and little research has approached this from a fully phonetically-informed perspective. Most
ASR systems use measurement periods wherein the content of the speech used is typically
random, and considerations for the data used are typically limited to whether the speech is
text-dependent or text-independent, as has been seen throughout many of the above studies.
However, phonemes, in particular vowels, have historically been used in speaker recognition
studies, but the literature on their use in ASR is very limited. Vowels are expectedly useful
for speaker recognition because they offer insights into the shape of a speaker’s vocal tract as
well as capturing sociophonetic information about a speaker’s accent. For example, speakers
from the North and South of England differ in the vowel they use in words like “trap’:
Northern speakers use /&/ whilst Southern speakers use /a/ (Koshy and Tavakoli, 2021).
Furthermore, vowels generally represent the different open articulations that a speaker uses
and they can also be measured quantifiably with phonetic features like formants which are

discussed later in this chapter.

That said, one notable-but-outdated study by Paliwal (1984) showed that vowels are
particularly useful for ASR and that certain vowels outperformed others. Paliwal (1984) used
EDs to compare formant measurements from eleven vowels based on their discriminatory
power. From these EDs, Paliwal (1984) identified the following rank order of effectiveness

for vowels in ASR: /o/, /v/, 11/, v/, /o/, IA/, /al, [d/, /&/, /i/, and /€/.
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Problematically, few studies since Paliwal’s (1984) have continued research into the use of
vowels. Furthermore, Paliwal’s (1984) study itself has significant constraints and problems.
Most notably, the paper is rudimentary: little is said about the data it was collected from, the
number of speakers, and why, exactly, this rank order was found. Due to limited research in
this area, little is still known about why different vowels perform differently for ASR tasks.
Today, ASR studies focus more on how to take successful measurements from any segment

of speech as opposed to how individual segments may behave differently in ASR.

Additionally, Paliwal’s (1984) study has also not been validated using more modern metrics
than EDs. This is where this thesis updates Paliwal (1984): Cy,, the current state-of-the-art
performance metric for validating ASR systems as recommended by Morrison and Enzinger
(2019), is used to assess the performance of vowels for ASR in this thesis. Paliwal (1984)
also only considered formants despite the fact that, at the time, other phonetic features like f0)
and intensity were in use. This is another way in which this thesis updates this study: it
explores novel, combinatory phonetic approaches to ASR which consist of multiple features,
and phonemes. Finally, Paliwal (1984) did not factor in phonological context, namely the
different stresses that can be put on different vowel sounds. This is also explored in this

thesis.

Beyond vowels, however, there has been some interest in nasals for ASR. For example,
Eatock and Mason (1994) found that English nasals outperformed vowels when used as the
input data for an ASR system with an average EER of 18.8% compared to the average EER
of vowels which was 21.1%. Of these nasals, /n/ performed best with an EER of 19.7%. /n/
had an EER of 23% and /m/ had an EER of 23.2%. All of these nasals out-performed /a/ in

the study, which yielded a much higher EER of 29%.
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Alsulaiman et al. (2017) also looked at the effectiveness of Arabic nasals in ASR. Using
Multi-Directional Local Features with Moving Averages (MDLF-MAs), they found that /n/
scored a high Recognition Rate (RR) of 88% whilst /m/ scored 82%. However, /a/ scored an
RR between them of 84%. Comparing this study to the above study by Eatock and Mason
(1994), this again shows that different language varieties have different needs but now at the
segmental level; not just the feature level, as Skarnitzl et al. (2019) found in their study of
VOCALISE. Specifically, nasals appear more useful for ASR in English than in Arabic.
Gallardo (2015) provides a theoretical explanation for why nasals perform well: the
resonance cavities used to produce nasals differ significantly speaker-to-speaker. However,
even though explanations exist for why vowels and nasals perform well, little research exists

on why different vowels and nasals outperform each other.

Turning now to important and notable work by Heeren et al. (2022), they found that a speaker
recognition system that uses formant measurements, specifically formants 2 and 3, taken
from combinations of vowels and nasals, specifically /a:/, /e:/, /n/, and /m/, led to a solid
performance: a Cy;- of 0.22. Such work is critical for justifying the present thesis’ work: this
study shows that a system consisting of combinatory phonetic features, here formants,
measured over phonemes, here vowels and nasals, can generate a well-performing speaker
recognition system. The present thesis, however, will incorporate more features and more
vowels. Also, as discussed, competitive performance is not the goal of this thesis; instead, the
goal here is optimising performance of phonetic approaches for ASR. This will show that
explainable and perceivable phonetic approaches to ASR can be integrated without detriment
to more powerful ASR approaches. This study was also conducted on Dutch data; the present
study will look at English and incorporate sociophonetic variation, as is discussed in the

following section.
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Heeren (2020) also looked at the context of phonemes, in particular comparing tokens of /a:/
in content words and function words. They found that this phoneme in Dutch is typically
shortened in function words, but speaker recognition performance remains consistent. Thus,
based on Wilemijn Heeren’s work above, it is clear that vowels, and phonetic measurements
taken from vowels, are important, but their context is not. This justifies the present thesis’
approach to isolate and study every token of every chosen vowel, as discussed in the next

chapter.

These studies overall show that explainable phonemes, such as vowels and nasals, can be
employed in speaker recognition studies which can then inform ASR. The present study
therefore uses phonemes as the phonetically-informed basis for its testing of phonetic features
for speaker recognition which can later inform ASR. This allows the thesis to identify which
explainable features work best on a given perceivable vowel which is in a recording that

triers-of-fact hear.

2.4. Considering Sociophonetic Variables in ASR

Turning now to sociophonetic variables, it has already been noted that the style of the speech
tested can affect the performance of an ASR system, specifically whether that data is text-
dependent or text-independent. It has also already been seen that the language variety can
affect the performance of an ASR system with Czech and Persian (Skarnitzl et al., 2019).
However, different types of speakers within the same language can also affect the
performance of ASR systems: broadly, Misnikov (2019) found in their exploration of
automatic approaches to recognising speech that the performance of gold-standard speech
recognisers is affected by sociophonetic variables like accent, age, and sex. More specifically,
Misnikov (2019) found that the speech of young female speakers with accents originating

from the West of the USA was easiest to recognise from a database of US speakers, but they
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did not find why. Regardless, this study ultimately indicates that sociophonetic information,
particularly that relating to qualities such as age, sex, accent, and ethnicity, are important to
consider in speaker characterisation tasks for ASR. Automatic speech recognition
technologies generally crossover with ASR technologies, so the findings here expectedly

pertain to ASR too; however, they have rarely been directly explored in ASR.

Looking more specifically at the few studies that have investigated the impact of
sociophonetic variables in ASR, Safavi et al. (2018) found that the EER of a GMM-UBM
ASR system decreased as the age of the participants increased; this means that current
approaches may be tailored to older speakers, and different methods may be required to
improve the effectiveness of characterising younger speakers, akin to how VOCALISE could
to be tailored to Czech and Persian (Skarnitzl et al., 2019). This may be due to a lack of age
variety in the UBM data. Sociophonetic explanations of errors such as this are important to
ASR development, hence why the present thesis also seeks to explore the importance of
sociophonetic variables. Problematically, Safavi et al.’s (2018) findings challenge Misnikov’s
(2019) above findings that ASR systems perform better for younger speakers. However, this
contradiction further justifies the need to explore sociophonetic variables in ASR more

thoroughly and how performance can vary as sociophonetic variables are considered.

Kajarekar et al. (2006) found that when the same speaker speaks with a different accent to
that which they recorded initial speech for with an ASR system, the EER increases; this
suggests that ASR systems are sensitive to accent information. This was a matched-guise
study; thus, as it was always the same speaker in each scenario, this meant that accent was the
only variable that could account for the changes in performance. Sociophonetics has therefore

been used here to diagnose and explain ASR system output.
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Finally, Hutiri and Ding (2022) found that ASR demonstrates sociophonetic biases and
performs worse with female, non-US speakers as a result. These researchers go on to
recommend that ASR could, in the future, be tailored towards sociophonetic variables by
using subgroups in training datasets. This principle of sociophonetic tailoring informs the

sociophonetic portfolio approach that this thesis adopts for ASR purposes.

These studies indicate that ASR performance is sensitive to, and evidently biased towards,
sociophonetic information. As such, ASR systems could be tailored towards sociophonetic
variables like age and accent as well as style. Based on these findings, different ASR
approaches could be generated and explored for different sociophonetically-tailored groups.
One can build optimised portfolios of ASR approaches to accommodate the different needs of

different speaker groups. This thesis does this using phonetics.

2.5. Phonetic Toolkit

This section will now explore the specific phonetic features that are employed in this thesis’
analysis. These features are f0), formants, intensity, mean harmonics-to-noise ratio, mean
autocorrelation, jitter, and shimmer. The goal here is to explore speaker-specificity across
multiple features. Each feature is discussed in light of how it can be measured, what it
perceptibly and physiologically correlates to in speech, how it has already been studied for
ASR, where one should take measurements of each feature from a segment of speech, and
how sociophonetic differences can be captured by each feature. Exploring each feature’s
perceptible, physiological, and sociophonetic correlates is important to establish their

explainability.

An acoustic-based toolkit has been selected based on the long-term success of such
approaches in the field: Sambur (1975) writes that, due to how they theoretically capture

variations between vocal tracts, acoustic features like these should capture speaker
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differences that can characterise speakers. More detailed explorations of each individual

feature are the focus of the coming sections.

Importantly, Sambur (1975) also found that vowels are effective segments of speech to take
phonetic measurements from because they are voiced, capture source signal energy from the
vocal fold vibrations, and are directly influenced by the shape of the speaker’s unique vocal
tract makeup. Sambur (1975) used linear distances, similar to those seen above with EDs, to
determine how well acoustic features would perform when characterising speakers. Using
only acoustic measures on vowels, their approach performed well for the time: the error rate
was only 0.312%. Sambur’s (1975) study justifies the use of vowels in this thesis; however,
this thesis expands on studies like Sambur’s (1975) by investigating different combinations of
features and vowels, sociophonetic variables, and a more modern metric for performance

validation (Cyy).

The toolkit is composed of features that have been selected based on their theoretical promise
and empirical evaluations of their performance, all of which are explored in the coming
sections. These acoustic features will all be explored with vowels for the present study due to
their use in prior acoustic phonetic research and, for technical reasons that are explored in the
next chapter, most of these features have to be taken from voiced speech like vowels anyway.
They could also be used on nasals, as some studies showed above, but not voiceless sounds
like many consonants. This is in some way a limitation but, as Gao et al. (2012) write,
consonants may contain less useful information for ASR purposes anyway because speakers
will typically produce consonants with minimal variation in a given context and will likely do
so with little vocal activity; especially when those consonants are voiceless. Almadeed et al.
(2016) write that vowels, on the other hand, use the whole of a speaker’s vocal tract in

production and thus capture more speaker-specific information. Thus, aiming to measure
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these acoustic features on vowels is more fruitful for the given task of characterising speakers

with phonetic information.

2.5.1. f0

Looking first at fundamental frequency (f0), this is an acoustic phonetic feature that,
physiologically, quantifies a speaker’s rate of vocal fold vibration. Perceptibly, it maps on to
a speaker’s perceived pitch: faster rate of vocal fold vibration has higher perceived pitch
whilst a slower rate of vibration has a lower perceived pitch. Quantitatively, this rate of
vibration can be measured in Hertz (Hz) and this measurement counts the number of cycles
of vibration activity per second; thus, perceptibly higher voices have a higher rate of
vibration and a higher average Hz. Perceptibly lower voices have a lower rate of vibration
and thus a lower average Hz. This is perceptible information, observable by triers-of-fact, that

enables f0 to be explainable.

10 has frequently been employed in ASR: for example, Atal’s (1972) study explores an early
ASR system that exclusively employed f0 to attain a 97% success rate. This illustrates that
phoneticians have employed f0 in ASR systems since the beginning of ASR research and
have done so with some success, but this study shares many of the problems already seen in
other early ASR research: it only used 10 speakers, only used data that was text-dependent,
and only used 6 recordings from each speaker. Lacking data is especially problematic
because f0 is very variable within speakers; there is likely not enough data here to capture

how variable f0) can be.

Turning to more modern studies, Zhu et al. (2009) found that f0 can still be used to improve
the performance of ASR systems. Specifically, they found that when ASR systems use
MFCCs alongside more phonetically-informed features, such as f0, they yield an

improvement in recognition rate of 5% compared to the baseline system that exclusively
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employed MFCCs. f0 improving the performance of an ASR system using MFCCs is
predictable: returning to Almadeed et al.’s (2016) above study, they specifically found that
MFCCs do not capture significant information on speaker fU; thus, including this missing

information expectedly improves ASR performance.

Other evidence for f)’s usefulness comes from Teixeira et al. (2013) who found that f0 proves
useful for finding unique characteristics in a speaker’s voice that relate to pathologies, such
as vocal fold polyps. This evidence is important because Teixeira et al. (2013) found that
phonetic features that prove useful for identifying pathologies also tend to prove useful for

ASR.

/0 will not be used alone in this thesis, however. As shown throughout the above literature,
combining multiple features for ASR is beneficial and this is the core exploration of this

thesis. f0 has rarely been considered on its own anyway, as seen above.

Turning now to sociophonetic considerations and the applicability of f0), this feature has
already proven useful for characterising speakers of different ages, sexes, and accents.
Specifically, Lortie et al. (2015) found that f0 typically lowers with age but rises again in
advanced old age. Schmid and Bradley (2019) also found that women tend to have a higher 0
range than men. Finally, Grabe et al. (2000) found that some accents of English have more f0
variability, namely Cambridge English, whilst Leeds English has relatively little.
Sociophonetics is important to explore in ASR because it can make the process of
characterising an individual speaker more specific. The process of reducing a pool of
comparable speakers based on sociophonetic information has already been employed in
forensic settings: as Atkinson (2015) writes, f0 is used frequently to establish whether the
offender is male or female to remove suspects that do not broadly fit the f0 range of the

offender they are trying to identify. Not only does the present study therefore exemplify how
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sociophonetic considerations can be useful for ASR, it also shows that f0 is a well-

established, explainable phonetic feature that is already used as courtroom evidence.

Beyond sociophonetics, f0 is also important for technical reasons in forensic settings,
particularly when phone calls are involved. This is specifically pertinent to Lombard speech:
this is where speakers instinctively increase their f0 and intensity in a phone call due to an
expectation of background noise or interference, even if none is present. This is important to

consider because phone calls are frequently used as forensic evidence.

2.5.2. Intensity

Intensity measures the power of a speaker’s speech. It perceptibly correlates to loudness, an
explainable quality that triers-of-fact can perceive. Like the above features, intensity is also
quantifiable and is measured in decibels (dBs). Also like the above, intensity has a long-
standing presence in ASR research: seen in the early days of ASR research, Lummis (1973)
details an approach to ASR that incorporated f0) and intensity and yielded an average error
rate below 1%. However, like other early ASR studies detailed above, such as Atal’s (1972),
the external validity of this approach does not hold up against modern standards: it is based
on minimal data consisting of 152 text-dependent utterances and the session variability was
high. Regardless, it still highlights the point that intensity has been historically considered
and successfully employed in ASR to some degree. Furthermore, Lummis’ (1973) study
builds on Atal’s (1972) above study by incorporating more data, thus giving greater credence
to the use of f0 and intensity both as phonetic features for ASR and as features that can be

combined.

Intensity is also used in modern studies: for example, Jia et al. (2021) measured intensity in
their approach to ASR alongside formants. Their approach proved accurate, though not as

accurate as other approaches; however, the use of phonetic features here did prove useful for
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speeding up an ASR system’s training and recognition time beyond the speeds seen in less
explainable modern ASR approaches. This indicates that phonetic features may, in fact, be
processable fast enough to meet the demands of modern ASR users and may yield some

performance benefits for ASR.

It is also worth noting that intensity’s long-standing place in ASR research can be seen in
MFCCs: as discussed above, MFCCs are representations of intensity, just abstracted; ASR
researchers have therefore employed some measure of intensity to great success over all of

the MFCC-incorporating studies listed above.

Like f0 above, intensity can also vary between speakers based on sociophonetic variables that
can distinguish groups of speakers from each other. For example, Chen (2007) found that
men are louder than women; their intensity range was higher. With this in mind, consider the
expected contrasts in the two feature measurements thus far: men have a higher intensity
range yet a lower f0) range whilst women have a lower intensity range yet a higher f0 range.
At a basic level, this illustrates how phonetic features could be combined to complement each
other to aid in sociophonetically-informed ASR: as both features behave differently for each

sex, in combination they therefore prove fruitful for distinguishing different sexes.

Regarding age, Lortie et al. (2015) found that age does not necessarily affect intensity
measurements. However, age has been found to affect f0) measurements above. This
comparison between intensity and f0 justifies the need to study multiple features and to
combine them: if only f0 is sensitive to the age distinction, but both features discussed thus
far allow for more specific explorations of sex variation, then both features can be combined
to identify as many specific differences as possible between these sociophonetic groups. This

is because the combination of these features allows for the shortcomings of intensity analyses
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to be mitigated whilst still employing this feature for its strengths, ensuring more detailed

analyses for ASR.

In practical analysis, however, it is important to note that previous literature has found that
intensity can be affected by confounding variables that must be controlled if one is to
measure it reliably. For example, Titze and Winholtz (1993) write that microphone distance
can affect measurements of intensity: the closer one is to the microphone recording their
speech, the louder one’s speech will be measured in dB from this recording. However, given
the diversity of forensic data and the range of scenarios in which speech can be recorded, this
poses a problem for using intensity for forensic purposes: recordings from different
microphones at different distances from different suspects will be in use, and as such these
recordings will vary in intensity as a result of these variables instead of anything speaker-
specific. These issues related to the microphone and input levels are discussed in more detail

in Chapter 3.

In terms of other confounding variables, Pfitzinger and Kaernbach (2008) found that
emotional speech, such as aggressive speech, is louder than calm speech; thus, in addition to
technical variables like microphone distance, one must also consider content variables such
as the topic of speech. These studies therefore suggest that for one to explore intensity
reliably, these variables must be taken into account in one’s experimental design. However,
whilst these could be considered problems, the performance of intensity under different
conditions could, and should, be profiled. This is because tailoring the use of intensity
towards different conditions has forensic and commercial benefits: phone microphones
capture speech differently to studio microphones, incriminating evidence may be captured on
a phone, and a customer may access their bank details via their phone. For any of these tasks,
the speaker may also be in a different emotional state or at a different distance from the
microphone capturing their speech. Whilst this presents a lot of variables to control and tailor
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for intensity, the present thesis’ proposed methodology could explore the effects of these
variables in the future using different databases of speech to build a variety of tailored

portfolios for the different scenarios that may impact intensity recordings.

Finally, channel mismatch poses an issue for intensity. Channel mismatch refers to the
comparison of speech with different recording qualities, such as a comparison between high-
quality studio audio and audio recorded from mobile phones. As Hughes et al. (2019b) found,
intensity is expectedly sensitive to channel mismatch and its performance declines when
channel is not kept consistent. This is particularly problematic in forensic settings when
different recordings have different channels, such as different mobile phone microphones.

Thus, intensity may not prove to be universally useful for ASR.

2.5.3. Formants

Looking next at formants, these are frequency peaks with high concentrations of acoustic
energy that build up around particularly resonant areas of the vocal tract in a given
configuration, specifically resulting from the interaction between the filter and the periodic,
voiced, source signals. In terms of how formants are measured, they are also measured in Hz,
like f0, which allows them to be quantified. Formants occur regularly, with one formant in
roughly every 1000Hz band, and are labelled as formant 1, 2, 3, 4, 5, and so on. Perceptibly,
Abhang et al. (2016) write that formants can characterise different vowels; as different
vowels are produced with slightly different configurations of the vocal tract, the changes to
where the concentrated acoustic energy is located can mark differences in vowel production.
For example, formant 1 changes with vowel height and formant 2 changes with vowel
frontness. As our vocal tracts all have unique physiological set-ups, formants offer a way of

charting this vocal tract space during the production of a vowel that is unique to the speaker.
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As such, this correlation is perceptible to triers-of-fact and can therefore offer an explanation

for how vowels differ and why vowels sound different when produced by different speakers.

In terms of the use of formants in ASR, Ali et al. (2006) developed a successful method for
ASR that was built around formant measurements. This system was very accurate across
multiple languages, showing that formants can be effective for ASR. This study is important
because it shows that formants can perform well irrespective of language variety; some
features, such as f0 and intensity, have been shown to work better in some languages more
than others, as seen in Skarnitzl et al.’s (2019) comparison of Czech and Persian above. This
is important to flag because, whilst sociophonetic tailoring is central to this thesis’
exploration of ASR, it shows that some phonetic features, here formants, may prove to be

universally useful irrespective of any tailoring.

Challenging this, however, is the effect of channel mismatch on formants. On top of intensity,
Hughes et al. (2019b) found, formants are particularly sensitive to channel mismatch and
their performance declines when channel is not kept consistent. This is particularly
problematic in forensic settings when different recordings have different channels, such as
different mobile phone microphones. Thus, formants may not prove to be universally useful

for ASR.

Considering other critiques, Harrison (2013) found that there are issues with the measurement
validity of formants. They used synthetic vowels, which therefore have already known

formant values, and found that different measurement extraction tools vary in the values they
output; the available measurement tools are therefore inconsistent with each other. This poses

another issue for the use of formants in ASR that is addressed in the following chapter.

In terms of other uses in ASR, Jesse et al.’s (2014) i-vector ASR system achieved an EER of

18.1% on text-independent speech based on measurements of formants 1-3. However, higher
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formants like formant 4 and 5 should theoretically perform best in ASR. This is because, as
Lammert and Narayanan (2015) write, higher formants capture more speaker-specific
information relating to the size and shape of their vocal tract. Problematically, however, there
are some measurement issues regarding the higher formants: Derdemezis et al. (2016) found
that higher formants are unreliable to measure because their energy can either be too weak or
the spectral bandwidth may be insufficient due to a too low sampling rate. Hughes et al.
(2018) also write about the telephone effect: they write that phones have a bandpass filtering
effect that can affect the measurement validity of higher formant measurements that exceed
the 3400Hz ceiling. This may include formant 3 and will affect formants 4 and 5. However,
Hughes et al. (2018) flag that a solution to this problem is to consider speaker-specific and
vowel-specific formant settings. Regardless, these studies may therefore account for why

lower formants were more useful in Jesse et al.’s (2014) study.

In terms of furthering developments into how formants can be used in ASR research exactly,
Nolan and Grigoras (2005) developed a method of combining analyses of multiple formants
across all voiced segments of speech into a single measurement called long-term formant
distribution, as discussed above. This serves to speed up ASR processes by reducing the
number of potential elements that need fusing together, thus keeping the speed of such
systems in mind for modern ASR users. Concerns about speed are discussed further
throughout the following chapter that focuses on the developed methodology and the fusion

of further phonetic features.

Turning finally to sociophonetics, formants offer a well-researched route for distinguishing
groups of speakers by accent. For example, northern English speakers will produce the
BATH vowel as /a/ whilst southern speakers will use /a:/, as discussed above. The difference
here is in frontness and length, so formant 2 will prove particularly useful for distinguishing
these groups, as an example. Furthermore, as formats relate to the vocal tract space,
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differences in age and sex will also be measurable with formants: men will have lower
formants than women due to men having longer vocal tracts, and adults will have lower
formants than children as adult vocal tracts are longer than child vocal tracts. Overall,

formants should prove useful for tailoring ASR approaches to different sociophonetic groups.

All that said, the integration of formants in ASR has not always been successful. In Hughes et
al.’s (2017) study, they found that the integration of formants, in some replications, did not
alter the performance of the given ASR system in any way. They write that this may have
resulted from the fact that MFCCs partially capture the same information and, as a result,
little change was observed. With this in mind, the present thesis aims to navigate this issue
through portfolio building: if a given phonetic feature proves to be not useful ASR for a given
data- or speaker-type, it can simply be discarded. However, if no such change is observed, as
it is here, it could still be included as a means of showing that this explainable, perceptible
information is still being considered in some way by the ASR system, and its inclusion adds

an additional element of explainability to the ASR output.

2.5.4. Mean Harmonics-To-Noise Ratio

Mean harmonics-to-noise ratio represents the amount of voiced sound produced by vocal fold
vibration compared to the amount of voiceless sound. It is measured in dB, like intensity;
thus, it specifically compares the intensity of voiced sound to the intensity of voiceless sound
in a production. Perceptibly, mean harmonics-to-noise ratio is a way of quantifying speech
productions that can be characterised as non-modal speech, in particular voice qualities where
speech is broken up by inclusions of voiceless noise. As an example, Yumoto et al. (1984)
write that mean harmonics-to-noise ratio can map onto how creaky a speaker’s voice is given
that creakiness can, perceptibly, be distinguished from modal voicing due to the breaks in

voicing that occur. Klug et al. (2019) also found that mean harmonics-to-noise ratio can map
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onto breathy voice, given that breathiness can, perceptibly, be distinguished from modal
voicing due to the inclusion of more voiceless aspirated noise. These are explainable features
that triers-of-fact can perceive and understand. Physiologically, Ferrand (2002) writes that the
reason mean harmonics-to-noise ratio captures different voice qualities is because it captures
and quantifies the reduction in the amount of voiced activity as a result of the additional
voiceless noise added to the speech signal via turbulent airflow passing through the glottis.
Voiced speech is periodic and voiceless noise is aperiodic; thus, mean harmonics-to-noise
ratio is the ratio of periodic to aperiodic speech. Non-modal voicing has a lower mean
harmonics-to-noise ratio whilst modal voicing has higher mean harmonics-to-noise ratio.
Yumoto et al. (1984) also report that the standard mean harmonics-to-noise ratio expected of

adults when producing vowels is around 7.4dB.

Concerning why vowels are the ideal segments to measure mean harmonics-to-noise ratio
from for ASR, vowels are, in principle, fully voiced; but speakers do not always achieve full
voicing. Therefore, mean harmonics-to-noise ratio captures the specific fluctuations in a
speaker’s vocal fold vibration that fail to achieve full modal voicing consistently and result in

the non-modal voice qualities discussed above.

Mean harmonics-to-noise ratio may therefore offer an alternative approach to analysing
intensity that can potentially capture more individual differences below the sociophonetic
level that may prove useful for characterising individual speakers belonging to a specific
sociophonetic group. This is because Yumoto et al.’s (1984) above average of 7.4dB is based
on modal speech; thus, mean harmonics-to-noise ratio may prove useful for ASR with
atypical voice qualities that diverge from this average. Of the features reviewed thus far,
variability in modality can only be detected by mean harmonics-to-noise ratio, giving further
credence to the necessity of combining phonetic approaches to enhance one’s approach to
ASR.
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Additionally, speakers also generally tend to have breathier and creakier voices earlier in the
day (Yumoto et al., 1984). On the basis of this, mean harmonics-to-noise ratio may therefore
offer a phonetic approach that can characterise speakers in spite of session variability,
specifically how a recording done in the morning may differ to a recording taken in the
afternoon. This highlights how phonetic approaches can be used to accommodate further

variables that can affect speech and ASR performance.

Like the above features, mean harmonics-to-noise ratio has also seen prior success in ASR
studies: as Long et al. (2011) found, incorporating mean harmonics-to-noise ratio features
into a system already employing current approaches to ASR, namely MFCCs, reduced the
error rate of the system by 2.72%. The success of this study therefore reinforces the notion
that one could combine phonetic approaches to ASR together alongside current ASR
approaches, such as MFCCs, for the overall goal of increasing explainability without any
negative effect on performance. In forensic contexts, Hughes et al. (2019a) fused mean
harmonics-to-noise ratio into an ASR system as another laryngeal voice quality feature that,
as seen above, also improved performance via the inclusion of phonetic features.
Furthermore, Klug et al. (2019) successfully used mean harmonics-to-noise ratio to
characterise suspects and offenders by breathy voice, specifically in their examination of
intensity measurements taken between the lower two harmonics and between the lowest
harmonic and the harmonic closest to the first formant. Building on mean harmonics-to-noise
ratio’s potential, Teixeira et al. (2013) also found that mean harmonics-to-noise ratio is
another quantifiable phonetic feature that can be successfully used to diagnose pathologies
from a recording of a speaker’s voice, specifically to track divergence from modal voicing
over time. As discussed above, they concluded that phonetic features useful for the
identification of pathologies are also useful for ASR. Overall, the above findings further

demonstrate how mean harmonics-to-noise ratio can be used for ASR and further justify the
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goals of this study to test and integrate mean harmonics-to-noise ratio alongside other

features for ASR.

Mean harmonics-to-noise ratio will not necessarily be the most accurate measurement,
however. Yun et al. (2022) found that this feature is dependent on the reliable identification
of pitch boundaries. Thus, for this feature to be valid for ASR, f0) measurements must also be

accurate. The accuracy of f0 is discussed in greater detail in the later chapters of this thesis.

Turning now to mean harmonics-to-noise ratio’s usefulness for exploring and characterising
sociophonetic distinctions, some patterns have been identified in the literature. Looking first
at sex, mean harmonics-to-noise ratio averages are generally higher in men than in women, as
Sheena et al. (2022) found; essentially, this finds that there are more harmonics per kHz for
men than women, so there is a higher proportion of periodic sound. Problematically, this
shows that averaging irrespective of sociophonetic differences, as Yumoto et al. (1984) did
above to generate their average of 7.4dB, may actually ignore important and quantifiable

sociophonetic distinctions that can aid ASR.

Turning now to age, Ferrand (2002) found that mean harmonics-to-noise ratio was
significantly lower in the speech of older speakers and that mean harmonics-to-noise ratio
was particularly powerful at exploring this age dimension. This effectively finds that voicing
activity in the speech of older speakers is more affected by voiceless noise activity than the
voicing activity in the speech of younger speakers. This is expected: in older speakers, there
is greater glottal leakage owing to imperfect vocal fold function. This, perceptibly, correlates
to the fact that older speakers typically have creakier and breathier voices. It also shows that,
whilst intensity was found not to distinguish age well, another feature measuring the same
acoustic element of loudness can: mean harmonics-to-noise ratio. This gives further credence

to the combining of multiple approaches together for ASR.
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Finally, Bergstrom (2017) found that accents can vary based on the grand, overall mean
harmonics-to-noise ratio of speakers’ production of vowels. Vowels have proven particularly
prolific in mean harmonics-to-noise ratio research: for example, Murphy and Akande (2007)
focused predominantly on vowels in their analysis of mean harmonics-to-noise ratio and
found that this feature is powerful for characterising speakers from different vowel
productions. Overall, variation along three important sociophonetic axes (age, gender, and
accent) can therefore be captured in some capacity by mean harmonics-to-noise ratio,
justifying its use in the present study in light of its goal to capture and tailor ASR approaches

to specific speaker groups to accommodate their different needs.

2.5.5. Mean Autocorrelation

Mean autocorrelation is the measure of the periodic consistency of the speaker’s f0 with
itself; more specifically, the process of autocorrelation involves comparing a segment of the
given sound file with a shifted version of the same sound file. In terms of interpretability,
mean autocorrelation is therefore, effectively, a measurement of how consistent voicing
activity is across a speech signal. Mean autocorrelation is measured quantitatively on a scale
of 0 to 1, where 0 represents fully voiceless noise and 1 represents perfectly periodic signals.
Perceptibly, this therfore also correlates to non-modal voice qualities as mean harmonics-to-
noise ratio did, but Gonzalez-Rodriguez (2014) found that it is particularly adept at
measuring and characterising the creakiness of a speaker’s voice. Thus, mean autocorrelation
complements mean harmonics-to-noise ratio in measuring non-modal voice qualities; both
features may therefore prove useful for characterising speakers with creakier voices and for
exploring session variability, specifically when speakers have creakier voices at different

times of the day. This is how this feature can be interpreted.
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In terms of its use in ASR studies, Gonzalez-Rodriguez (2014) found that mean
autocorrelation can be used as a useful phonetic feature for diagnosing errors in current ASR
approaches. As discussed, diagnostic studies can be used to make ASR systems more
explainable, and by then including this phonetic feature in one’s approach to ASR, they can
provide a potential way of improving the performance of modern approaches by solving the
errors they generate. In their study, Gonzalez-Rodriguez (2014) looked at the False
Rejections (FRs) of a modern ASR system. These are the instances where the ASR system
failed to recognise the correct speaker. They found that, amongst all of the FRs, a common
feature was that the speech was noticeably creakier. As creakiness is best detected with mean
autocorrelation, this study shows how phonetic approaches can make ASR more explainable:
it indicates that the tested ASR system must not have been analysing mean autocorrelation
measurements already. Researchers, as a result, now know what the present ASR system does
not measure. With this knowledge, the performance of the present ASR system could,
hypothetically, be improved: by incorporating a measurement of creakiness, such as mean
autocorrelation, the FRs that resulted from creakiness could be rectified. If the feature used is
explainable, like mean autocorrelation, then the system can now be better explained to triers-

of-fact, too.

Further evidence for the usefulness of mean autocorrelation in ASR comes from Bidondo et
al. (2013) who developed a novel ASR system that used mean autocorrelation measurements.
Their motive was more abstract than other studies, however: they tested whether mean
autocorrelation could be used as a quantifiable representation of how the human brain
naturally characterises speakers by comparing new speech to memorised speech. The
rationale for focusing on how the human brain characterises speakers is strong, to an extent: it
is an already functional system for speaker recognition that triers-of-fact naturally also have,

so finding ways of imitating its functionality in ASR provides researchers with a premade
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framework for how an effective system should work. Furthermore, the link to human

recognition can be explained to a trier-of-fact.

Bidondo et al. (2013) write that their approach is based on the notion that the human brain
recognises speakers via natural calculations of distances. They claim that this neurological
phenomenon can be captured as a comparison between sound vectors, taking one vector from
the current utterance and comparing it to the stored vector of a previous utterance. The brain
then hypothetically compares these two sound vectors for similarity to determine whether or
not the sound came from the previous source. They found that the phonetic feature
measurement that can be used to imitate this task and measure the statistical difference
between two vectors most effectively was mean autocorrelation; thus, this study indicates that
phonetic and psycholinguistic theory could be employed to create ASR methods that replicate
naturally-occurring subconscious processes in the human brain relating to speaker
recognition, specifically the task of identifying whether a new speech signal came from the

same source speaker as a previous signal or from a different source speaker.

This demonstrates how explainable theories from phonetics and psycholinguistics could be
used in ASR, thus improving explainability. That said, this study has some noticeable flaws:
firstly, it is based on the assumption that the human brain is a perfect recognition system;
problematically, however, the human brain is also capable of false recognition. Furthermore,
the study treats the brain as a mathematical computer: maths and computer science are two
completely different fields of science that were never made originally to imitate the brain, so
using these fields as the rationale for how the brain works is fundamentally flawed. This also
exemplifies the tension between machine learning and neuroscience. Furthermore, the idea of
comparing sound vectors and finding the shortest distance between them is actually an
outdated method of ASR already seen in this thesis: this approach is effectively the same as
EDs discussed above. Finally, given that this study uses the human brain as a model for an
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effective ASR system, it would have benefited from a comparison to results taken from
human participants judging the same data to test just how well-replicated the human brain’s
speaker recognition ability is; as it stands, this study simply identifies mean autocorrelation as
an effective method of speaker recognition based on statistical modelling with no real link to

any real cognitive processes.

In ASR studies, mean autocorrelation has been found to be a strong measurement of
emotional speech. As Mouawad (2017) found, mean autocorrelation can be used to
distinguish speech deemed ‘pleasant’ and ‘unpleasant’ quantifiably, with ‘pleasant’ speech
having a higher average mean autocorrelation and ‘unpleasant’ speech having a lower mean
autocorrelation due to the proportion of modal phonation present. This means that mean
autocorrelation will be effective at handling between-session, within-speaker variability,
particularly in light of a speaker’s mood or in light of different topics of conversation with
different emotional weighting. This may therefore prove useful in building more
comprehensive speaker portfolios that capture how a speaker speaks in different moods.
Mean autocorrelation’s unique sensitivity to these variables therefore complements other
phonetic features discussed here, thus allowing for more aspects of a speaker’s speech and

more session variability to be accounted for through combinatorial approaches.

Further sociophonetic research on mean autocorrelation, however, is minimal; this is
therefore another research gap that this thesis addresses. However, it is likely that mean
autocorrelation will capture sociophonetic differences because such differences are already
detectable with intensity and mean harmonics-to-noise ratio, the two features most similar to

mean autocorrelation.

In terms of where to take mean autocorrelation measurements in speech, vowels once again

prove powerful. This is illustrated by Kaur and Jain’s (2015) study which employed mean
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autocorrelation in an ASR system that focused on vowels and saw comparable performance

to modern ASR systems.

2.5.6. Jitter

Jitter is a measure of the variations and fluctuations in f0 between cycles that are caused by a
speaker’s lack of precise control over their vocal fold vibrations. Perceptibly, these capture
one-off events like voice breaks as well as more information about non-modal voice quality
features like breathiness and creakiness. Non-modal voice qualities, as discussed above, can
be useful for characterising inter-speaker variation because speakers within the same
sociophonetic group differ in voice quality. They can also be useful for characterising intra-
speaker variation because session variability can affect these voice qualities, such as when a

speaker’s voice is creakier earlier in the day.

In terms of measuring jitter, there are a multitude of avenues to explore because there are a
variety of measurements and algorithms to use. These will each be discussed here in light of
their functionality, variability, and ultimately which proves best for measuring jitter overall.
Starting with the measurements first, there is the local measurement of jitter. This is a
percentage measurement calculated by dividing the average absolute difference between the
f0 peaks of two consecutive periods by the length of an average period in the speech file. A
period is the inverse of the sampling frequency: as discussed in the next chapter, the typical
sampling frequency is 48kHz for high-quality recordings. Thus, a period is typically 1
divided by 48,000, which is 0.0000208333333 seconds. An f0) peak of a period is hereon

defined as the maximum positive amplitude in the glottal cycle.

There is also the local, absolute measurement of jitter. This is where the average absolute

difference between the two f0 peaks of two consecutive periods is counted in milliseconds.
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Next, there is the Relative Average Perturbation (RAP), another percentage measurement.
This divides the average absolute difference between the f0) peak of a period and the f0 peaks
of the two neighbouring periods by the average length of a period in the speech file. This
effectively captures the same information as the local measurement but with more room for

variability by incorporating more comparisons between f0) peaks.

The next measurement, the 5-Point Perturbation Quotient (PPQS5), is similar: it’s another
percentage measurement that takes the average absolute difference between the f0) peak and
the f0 peaks of its four closest periods and divides this by the average length of a period in the
speech file. This builds further on the RAP and local measurements by introducing more

variability through data from more f0 peaks.

The final measurement introduces the greatest amount of variability: this is the Difference of
Differences of Periods (DDP). This is a percentage measurement that incorporates data from
all f0 peaks in the speech signal: it calculates the average difference between all consecutive
/0 peaks and divides this by the average length of a period in the speech file. Essentially, all
percentage measurements here capture variability in f0) as a percentage with different amounts
of data included, whilst the local, absolute measurement measures variability in f) in terms of
cycle duration. From an interpretability perspective, these different measurements therefore

all quantify information about non-modal voicing, but over different lengths of data.

In terms of previous uses in ASR, Jones et al.’s (2001) study incorporated jitter and found
that it was a feature capable of distinguishing speakers based on their breathiness and
creakiness, as expected based on the above literature. Further evidence for the efficacy of
jitter can be drawn indirectly from studies into voice pathologies. Teixeira et al. (2013) again
found that jitter is a particularly notable feature for the detection of pathologies; thus, as

features that can identify pathologies also tend to prove useful for ASR, it can be assumed
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that jitter may prove useful for ASR. Beyond this, however, jitter’s efficacy for ASR has
proven problematic: Hughes et al. (2022), for example, found jitter to be detrimental to ASR
performance. Also, there is a key problem with the above studies in support of the use of
jitter: they did not use real productions of words. Instead, they used held vowels which are
long, consistent productions that make taking these measurements easier in laboratory
settings with no view to real-world usages of jitter, particularly in forensically-diverse

settings.

Turning now to sociophonetic variation, jitter has proven particularly useful for
characterising speakers of different sexes: returning to Teixeira et al.’s (2013) study, the
values found for male and female speakers without pathologies differed significantly. These
results can be found in Table 1 below, and as seen the male jitter values were consistently
lower with the exception of jitter (local, absolute). Teixeira et al. (2013) took these
measurements from monophthong vowels under the justification that monophthongs are
consistent, open-approximation productions that carry speaker-specific information about a
speaker’s unimpeded vocal tract. Despite the already mentioned problems with sustained
vowels, this study further justifies the choice to study vowels as the optimised area for taking
phonetic measurements for ASR. It also shows that jitter can capture sociophonetic
distinctions, giving further credence to tailoring ASR approaches to different speaker groups,

and supports the use of jitter for ASR in general.
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Table 1: Teixeira et al.’s (2013) Jitter Measurements from Female and Male

Monophthong Productions Taken Using Boersma and Weenink’s (2023) Praat

Algorithm
Jitter Measurement Female Speech | Male Speech
Jitter (Local) 0.39% 0.26%
Jitter (Local, Absolute) 17ms 18ms
Jitter (RAP) 0.23% 0.15%
Jitter (PPQS) 0.25% 0.15%

Problematically, jitter does not only have a variety of different measurements; each of these
measurements also has different algorithms and approaches that can be used to take them.
These have emerged from debates about the reliability of jitter as a feature and how its
measurements are taken. For example, the above results taken from Teixeira et al.’s (2013)
study are the results taken from Boersma and Weenink’s (2023) Praat, a program for acoustic
phonetic analyses that has its own unique algorithms for taking these jitter measurements.
Teixeira et al. (2013), however, also took the same jitter measurements from the same data
using their own algorithm, and the measurements extracted from this algorithm have been
compared to Praat’s in Table 2 below. As there are differences between these approaches, this
indicates that one approach may not be as accurate as the other, or perhaps that they are both

equally inaccurate.
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Table 2: Teixeira et al.’s (2013) Jitter Measurements from Female and Male

Monophthong Productions Taken Using Teixeira et al.’s (2013) Own Algorithm

Jitter Female Difference from Male Difference from
Measurement Speech Praat’s Algorithms | Speech | Praat’s Algorithms
Jitter (Local) 0.66% (+0.27%) 0.43% (+0.17%)
Jitter (Local, 29ms (+12ms) 30ms (+12ms)
Absolute)
Jitter (RAP) 0.43% (+0.20%) 0.28% (+0.13%)
Jitter (PPQ5) 0.46% (+0.21%) 0.28% (+0.13%)

This difference in measurements led Teixeira et al. (2013) to explore which algorithm is most
reliable for jitter extractions. For this experiment, Teixeira et al. (2013) synthesised a vowel
which was designed to generate jitter measurements of 0 across all features. Their algorithm
achieved 0 for all measurements, as seen in Table 3 below; however, this study was
conducted with the authors’ own algorithm in mind. It is therefore potentially subject to
author bias. Furthermore, the difference in performance between their algorithm and Praat’s
algorithms on this synthesised vowel was negligible: as Table 3 below shows, the largest
difference was 0.003% for jitter (local). However, as the local measurement here produced a
more divergent measurement than expected compared to the other measurements, this
complicates issues further: it indicates that the different approaches to taking different jitter
measurements also perform differently. This study therefore highlights the potential
methodological concerns regarding the best ways of taking these different measurements of
jitter, but problematically it does not offer a notably different or more reliable alternative.

Interestingly, however, it indicates that a rank order of jitter measurements based on their
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reliability can emerge, and as a result some jitter measurements may prove more viable for

ASR than others.

Table 3: Comparative Performance of Teixeira et al.’s (2013) Algorithm and Boersma

and Weenink’s (2023) Praat Algorithms for Taking Jitter Measurements from a

Synthesised Vowel
Jitter Measurement Teixeira et al.’s (2013) Praat
Algorithm Algorithm

Jitter (Local) 0 0.003

Jitter (Local, 0 0.00003
Absolute)

Jitter (RAP) 0 0.00002
Jitter (PPQ5) 0 0.00002

Such methodological problems will be heightened in forensic contexts where data is more
variable, and reports of jitter’s methodological unreliability do not stop here, either.
Researchers such as Leong et al. (2013) found that measurements of jitter were only actually
reliable for male speakers. Reliability in this study is measured by the metric of intra-class
coefficients: these are statistical values that measure how data from a group is similar to other
data from the same group. Here, the data are the measurements of jitter and the group is the
tokens from a single speaker. A measurement of >0.8 is deemed reliable, and the full results
of this study can be seen below in Table 4. Note that this table also includes shimmer results;

shimmer, and its results here, are discussed in detail in the following section.
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Table 4: Results of Leong et al.’s (2013) Jitter and Shimmer Reliability Investigation

Using Intraclass Correlation Coefficients (Perturbation Measures)

Female Male
Measure | Week | Week | Week | Over All 10 | Week | Week | Week | Over All 10
1 2 3 Sessions 1 2 3 Sessions
Jitter 0.7 0.78 0.81 0.5 0.7 0.81 0.89 0.91
Shimmer | 0.67 0.64 0.59 0.56 0.57 0.54 0.73 0.53

Looking at these results optimistically, they first show that jitter can capture session
variability: as seen here, the jitter results differ each week. Jitter may therefore prove useful
for capturing session variability and intra-speaker recognition. The frequency of unreliable
coefficients (<0.8), however, validates concerns about jitter, especially for female speakers.
However, this may give further credence to this thesis’ goal to create tailorable profiles based
on sociophonetic considerations. If jitter is more reliable for male speakers, then a
phonetically-informed ASR approach should only employ jitter when attempting to
characterise male speakers. This illustrates how tailoring ASR approaches can make them
more applicable to given sociophonetically-controlled groups. That said, Leong et al. (2013)
acknowledge that their results were still variable beyond this sex distinction: some successful
recognition was still seen with the female participants and the male participants’
measurements were not consistently reliable. They write that their results could therefore still
be affected by measurement errors in line with the other studies of jitter reviewed here, and
they therefore conclude that a much more standardised testing protocol and metric for
reliability should be established and used in place of their intra-class coefficients. As a result,

the conclusions drawn here about the efficacy of jitter for ASR are still up for scrutiny.
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Furthermore, they again do not reflect diverse, forensic conditions: jitter’s successes have
therefore only been observed in stable, held vowels; not real, forensically-diverse
productions. More positively, though, this study abstractly demonstrates that approaches to
ASR must accommodate session variability and sociophonetic differences. It also employed
the use of vowels for testing ASR, giving further credence to the use of these phonemes for

ASR investigations.

Though studies such as Leong et al.’s (2013) raise some concerns about the use of jitter in
ASR, some studies have seen outright success. Turning to Farrus et al.’s (2007) study, they
implemented jitter as a method of ASR alongside MFCCs and found that the inclusion of
jitter improved ASR performance; the information it captures about non-modal voice
qualities must benefit current approaches, and thus its inclusion makes current approaches

more explainable whilst also potentially improving performance.

Overall, this section has reviewed different studies that found jitter to be useful for ASR, but
ultimately unreliable to some degree: different measurements measure different aspects of
speech, and the measurements and the algorithms used to calculate them have variable
performance. In light of this, and in light of the small amount of recent research that fully
considers all aspects of jitter, the present thesis employs all measurements of jitter to test
which is most reliable. As the goals of the present thesis are to identify which phonetic
approaches are best for given data and speakers, including all of these measurements presents

no cost to reliability; they may simply be eliminated if they prove to be non-viable.
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2.5.7. Shimmer

Turning finally to shimmer, this measures the variations and fluctuations in amplitude
between cycles that are caused by a speaker’s lack of precise control over their vocal fold
vibrations. As a result, shimmer is very similar to jitter, but shimmer captures variations in
intensity instead of f0). Perceptibly, shimmer also captures non-modal voice quality features
such as breathiness; this, as Teixeira et al. (2013) write, is because shimmer is capturing

information about the amount of resistance in the glottis.

Also like jitter, shimmer can be measured in different ways. Continuing shimmer’s parity
with jitter, many of these measurements are similar; they just observe intensity variation
instead of f0) variation. The two measures tend to be correlated, even if they are not
necessarily correlated in principle. Starting with the local measurement, this is again a
percentage measurement calculated by dividing the average absolute difference between the
amplitude deviations of two consecutive periods by the magnitude of the average intensity of

the speech file.

Next, there is the local, dB measurement of shimmer. This takes the average base-10
logarithm of the difference between the amplitude deviations of consecutive periods and
multiplies this by 20. This differs from jitter’s local, absolute measurement in that it does not
measure time, but it still continues to consider the variability between periods in a speaker’s

speech to capture fluctuations.

The next three measurements are similar to jitter’s RAP and PPQ5 measurements in that they
consider increasing amounts of between-period variability with each measurement, but these
measure intensity variation instead. These three measurements all measure the Amplitude
Perturbation Quotients (APQs) and are, like many jitter measurements, percentage

measurements. The first of these, APQ3, is a three-point APQ measurement that divides the
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average intensity deviation of a period and its two flanking periods by the average intensity

of the speech signal to identify how variable this section of speech is.

Next, APQ5 is a 5-point APQ measurement that divides the average intensity deviation of a
period and the two flanking periods either side of it by the average intensity of the speech
signal. It is the same as the APQ3 measurement, but incorporates more data from one more

neighbouring period on each side of a period.

The final of these three APQ measurements is APQ11. This is an 11-point APQ measurement
that escalates the amount of data drawn upon further: it divides the average intensity
deviation of a period and the five flanking periods either side of it by the average intensity of

the speech signal.

The final shimmer measurement to discuss is shimmer’s own DDP measurement, as jitter had
above. However, instead of f0), this calculates the average difference between all consecutive
intensity deviations and divides this by the average length of a period in the speech file. Like
jitter, too, from an interpretability perspective these different measurements also all quantify

information about non-modal voicing, but over different lengths of data.

In terms of the use of shimmer in ASR, Teixeira et al.’s (2013) study must be returned to one
last time. They found that shimmer can also be used effectively to identify pathologies in the
voice that manifest themselves through breathiness, specifically as a result of more resistance
in the glottis that can be quantified through below-average shimmer measurements. The
importance of such findings for ASR, to reiterate, is that features proving useful for detecting
pathologies also typically prove useful for ASR; thus, this is indirect evidence for the
usefulness of shimmer in ASR. Also looking at shimmer’s efficacy for ASR, Farrus et al.
(2007) implemented shimmer into a GMM-UBM ASR alongside MFCCs. They found that

the inclusion of shimmer improved the performance of the approach. This infers that the ASR
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system did not consider any non-modality aspects of the voice relating to shimmer. With the

inclusion of shimmer, it now does, and this adds an additional element of explainability to the

ASR system. Not only does this justify the testing of shimmer as a feature for ASR, it gives

further credence to the use of phonetic features to improve the explainability and, potentially,

performance of current approaches to ASR, and shows that fusing phonetic features with

ASR systems is possible.

Problematically, however, shimmer shares many of the measurement validity issues that

plague jitter. Starting with Teixeira et al.’s (2013) already discussed study, they also created

an algorithm for shimmer measurement extraction and they once again found that their

algorithm performed slightly differently to Boersma and Weenink’s (2023) Praat algorithm,

as seen above with jitter. These results can be found in Table 5 below.

Table 5: Teixeira et al.’s (2013) Shimmer Measurements from Female and Male

Monophthong Productions Taken Using Teixeira et al.’s (2013) Own Algorithm and

Boersma and Weenink’s (2023) Praat Algorithms

Shimmer Female Speech; Female Male Speech; | Male Speech;
Measurement | Teixeira et al.’s | Speech; Praat | Teixeira et al.’s Praat
(2013) Algorithm Algorithm (2013) Algorithm
Algorithm
Shimmer 2.43% 2.28% 2.01% 1.72%
(Local)
Shimmer 0.45dB 0.2dB 0.1% 0.15dB
(Local, dB)
Shimmer 2.7% 1.3% 1.37% 1%
(APQ3)
Shimmer 0.7% 1.37% 0.79% 1.07%
(APQS)
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Importantly, they once again employed their synthetic vowel test and this once again found
that their algorithm was marginally more accurate than Boersma and Weenink’s (2023).
However, as Table 6 below shows, neither approach performed perfectly for shimmer: neither
ever achieved 0, but both generated very similar results close to 0. This therefore highlights
that there is more unreliability for shimmer than there was for jitter; no method proved
perfect even when the authors specifically designed their system to be perfect on the given
data. There is also an indication of another sex distinction here with male speakers typically
having lower shimmer measurements than women, as seen in Table 5 above; however,
considering the variability demonstrated in Table 6 below that challenges the measurement
validity of both approaches, these conclusions are difficult to support. Furthermore, the use of
synthetic speech is again concerning: these findings may have been generated as a result of
laboratory conditions and not real speech. These findings may therefore not be generalisable

to real-world speech.

Table 6: Comparative Performance of Teixeira et al.’s (2013) Algorithm and Boersma

and Weenink’s (2023) Praat Algorithms for Taking Shimmer Measurements from A

Synthesised Vowel
Shimmer Teixeira et al.’s (2013) Praat
Measurement Algorithm Algorithms
Shimmer (Local) 0.0003 0.0008
Shimmer (Local, dB) 0.00002 0.00007
Shimmer (APQ3) 0 0.0003
Shimmer (APQS) 0 0.0001
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This study indicates that shimmer may have some potential for ASR, but it simultaneously
indicates that shimmer as a measurement for ASR may be even more unreliable than jitter.
Teixeira et al. (2013) still could not create an idealistically perfect approach for analysing
shimmer. This indicates that shimmer, despite its potential, should be used cautiously;
however, given that it does show some potential, it will still be included in this thesis as a
tested phonetic approach hypothetically capable of contributing to effective ASR methods
and all shimmer measurements will be included. The risk of including this is low given that,
in testing for efficacy, shimmer measurements may simply be excluded from the

combinations if they perform poorly.

This study also gives credence to Leong et al.’s (2013) above conclusion that standardised
testing protocols need to be established and implemented to investigate the reliability of such
measurements. Looking back at Leong et al.’s (2013) results in Table 4 above, it is also seen
that shimmer performed even worse than jitter for them too as no shimmer result was ever
deemed reliable in their experimental design; no shimmer measurement for ASR scored >0.8
for male or female data, further backing the lack of reliability of shimmer. This shows that
this feature may perform universally badly; unlike jitter, it performs badly even when

sociophonetically-tailored to sex.

In terms of other studies, Brockmann et al. (2011) contrastingly found strong support for
measurements of jitter and shimmer distinguishing speakers by sex; men, for all
measurements considered, had lower average values. Moreover, their study supports the
notion that jitter and shimmer values are best taken from vowels because their jitter and
shimmer measurements differed between vowels: thus, they may prove useful for
distinguishing between speakers of different accents that utilise different vowels in different
words. They also found that session variability between vowels can be detected well by jitter
and shimmer, reiterating the above point that these features may capture the intra-speaker
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differences between speaker productions of these vowels well. This indicates that vowels
should be targeted for ASR analyses, that jitter and shimmer may prove useful for detecting
sociophonetic differences by accent that can aid in the tailoring of phonetic approaches, and

that jitter and shimmer may help account for intra-speaker variability between sessions.

Whilst this study gives some hope for the use of jitter and shimmer in ASR, the issue of
reliability remains. Thus far, it has mainly been considered whether the algorithms used to
calculate all jitter and shimmer measurements are reliable; now, it must be considered which
of these individual measurements is most reliable. Briefly returning to Teixeira et al.’s (2013)
above results, they created an algorithm that was promising for jitter, but held author bias in
the experimental design and made no such progress on the analysis of shimmer compared to
Boerma and Weenink’s (2022) algorithms used for Praat. It is worth noting that, a year later,
Teixeira and Gongalves (2014) produced an algorithm for taking jitter and shimmer
measurements that did outperform Boersma and Weenink’s (2023) Praat by a wider margin
than Teixeira et al.’s (2013) approach. This does indicate that instrument reliability may be
the problem, but this is challenged by the fact that, seven years prior, Farrus et al. (2007)
reliably employed Boersma and Weenink’s (2023) Praat algorithms to achieve success in
their investigation of the efficacy of jitter and shimmer in ASR. In their study, they
contrastingly found that the problems with jitter and shimmer were not a result of the
algorithms used to calculate the measurements, but of the measurements themselves. They
specifically found that the local measurements they explored, specifically the jitter (local,
absolute) and the shimmer (local, dB) measurements, had the lowest EERs when analysed
independently for ASR of 26.9%. The highest EERs recorded occurred when jitter (RAP)
was analysed, which had an EER of 34.2%, and shimmer (APQ11), which had an EER of
33.8%. This may be expected: these measurements factor in the most amount of data and

variability, meaning there is a wider margin for errors. The local measurements are more
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specific, and potentially more accurate as a result. On the basis of these results, which can be
found in full in Table 7 below, Farrts et al. (2007) only brought forward jitter (local,
absolute), shimmer (local, dB), and shimmer (APQ?3) to their system as they were the only

moderately successful features for ASR with EERs below 28.1%.

Table 7: Results Taken from Farrus et al.’s (2007) Study of Jitter and Shimmer in ASR

Scenarios

Jitter/Shimmer Measurement EER
Jitter (Local, Absolute) 26.9%
Jitter (RAP) 34.2%
Jitter (PPQS5) 33.8%
Shimmer (Local, dB) 26.9%
Shimmer (APQ?3) 28.1%
Shimmer (APQ5) 32.9%
Shimmer (APQI11) 33.8%
Optimised Jitter and Shimmer Approach (Threshold: 28.1%): Jitter (Local, | 22.5%
Absolute), Shimmer (Local, dB), and Shimmer (APQ3)

This study therefore demonstrates two vital considerations for the present thesis: first, it

shows that building portfolios of phonetic features for ASR is a practice that can work: the
combination of the selected measurements of jitter and shimmer generated the lowest EER
recorded at 22.5%. Though this performance is not wholly impressive, this still shows that

the goal of this thesis (to identify, combine, and tailor phonetic approaches to ASR) is
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possible and has already been successful in a study that only considered jitter and shimmer
measurements, not more reliable phonetic features which jitter and shimmer is combined with
in the present thesis. Secondly, whilst caution is still necessary, this study shows that the
fundamental problems with jitter and shimmer may not relate to how the measurements are
extracted, but the measurements themselves; thus, given the moderate success seen here
through the use of Boersma and Weenink’s (2023) Praat algorithms, these are used in the
present thesis and all measurements are included as a partial recreation of Farrus et al.’s
(2007) study to test which jitter and shimmer measurements, irrespective of the algorithm
used, could be brought forward for use in sociophonetically-tailored ASR. This is also
partially motivated by the need for the present thesis’ methodology to be efficient: if all
phonetic measurements are extracted from the same program, the creation of these tailored
profiles will be faster. Thus, if everything is extracted in Boersma and Weenink’s (2023)
Praat, as the following chapter explores, the phonetic approaches and research output of the

present thesis will be more commercially and forensically viable.

2.6. Research Questions

In summary, this chapter has provided the basis for the present thesis and now uses this
literature to propose an exploratory research question: “What explainable phonetic
approaches to ASR, ranging from features to segments, are best for recognising different
speakers and speech styles?”. Exploring this allows for a novel exploration of the proposed

bespoke, bottom-up, combinatory phonetic approaches to ASR.

More specifically, this thesis explores the usefulness of combining different phonetic features
correlated to perceivable elements of the voice such as pitch, loudness, vowel differences,
and non-modal voicing. These features are f0), intensity, formants 1-5, mean harmonics-to-

noise ratio, mean autocorrelation, jitter, and shimmer. It must be noted here that practical
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issues for forensic materials, whilst flagged above, are not considered in this thesis. These
practical issues include the noted difficulties surrounding measurements of higher formants,
intensity variation due to microphones, and the different measurements of jitter and shimmer.
Instead, this thesis serves as an exploration of the potential of combining these phonetic
approaches for ASR, and practical, forensic applications can be addressed in future work.
That said, these issues do arise and are discussed: for example, higher formants were
expected to perform better, but were harder to measure. Furthermore, local measurements of
jitter and shimmer performed better than other measurements of jitter and shimmer, as

predicted above.

In this exploration, this thesis also explores the usefulness of different vowels for ASR. It ties
together and expands upon the underpinning conclusions of much of the above research that
vowels prove effective for ASR whilst also allowing for the only study to directly assess the
performance of different vowels, Paliwal’s (1984), to be modernised using the validation
metric Cy- which has been seen in more up-to-date studies, such as those by by Wilemijn

Heeren (2020; 2022).

Finally, this thesis also explores sociophonetic variables discussed throughout this chapter.
Specifically, it uses data from different accents to explore variation in the performance of
these feature combinations for different accents, as above studies have for different languages
with some of the features, and how to tailor different combinations to different accents. It
also uses text-dependent and -independent data to explore differences in the performance of
these features related to style, given the historical focus on text (in)dependence and how

phonetic features originally presented issues for text-independent ASR.

In order to facilitate answering this research question, as well as future-proofing further

research regarding the testing of phonetic approaches to ASR, this thesis’ primary
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contribution to the field is a replicable methodology for testing novel, combinatory, phonetic
approaches to ASR. This is detailed in the following chapter. Then, the chapters after that
will focus on demonstrating the potential of this methodology for creating optimised,
sociophonetically-tailored combinations of phonetic features that can be used for ASR. The
portfolios of phonetic approaches created here, for the specified accents and styles, could
then (in principle) be used by ASR developers; as seen in this chapter, researchers can
already fuse phonetic approaches to ASR with current ASR approaches to add an additional
element of explainability to current ASR systems without replacing them. The practicality of
fusing the tested combinations found in this thesis is explored in the final chapter. However,
it must be noted that controlled data is employed here; therefore, these portfolios are better
served as proofs of concept: future research can now follow the methodology to produce
optimised portfolios like these for different sociophonetic groups with more forensically-
realistic data. These portfolios could then aid in explaining ASR output better to triers-of-
fact, specifically by mapping perceptible, explainable elements of the voice onto phonetic

measurements that have been integrated into ASR.
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3. Methodology

The output of this thesis includes a replicable and adaptable methodology for testing novel
phonetic approaches to ASR. More specifically, this methodology identifies the best
combinations of phonetic features to employ when recognising speakers from a specific
sociophonetically-controlled group. The results of this thesis are all generated by this
methodology. This chapter details how this methodology generates these optimised portfolios
of phonetic approaches for ASR by breaking down the methodology into its main component
stages: corpus selection (3.1), forced alignment (3.2), feature extraction (3.3), and portfolio
creation (3.4). Each of these stages is discussed in detail here to show how the present thesis
applies them and how future researchers can replicate and change elements for other
experimental designs. It is important to note that, given that this methodology seeks to test
phonetic approaches for ASR that can later inform ASR researchers, automation has been
considered at all stages. It is also important to reiterate that this thesis does not suggest that
these portfolios can stand alone as independent ASR approaches; the goal here is only to
identify what phonetic feature combinations, measured on selected vowels, are best to
analyse for characterising specific speakers and data types. The optimised portfolios could
then be fused with current ASR systems to complement them with more explainable and

perceivable elements, as discussed in the previous chapter.

Looking at this methodology, one may argue that using sociophonetically-controlled data
directly impacts the external validity and generalisability of the findings; the results will only
be applicable to the selected sociophonetic group. However, this is actually the purpose of the

present study: the aim is to investigate sociophonetic specificity in ASR methods.

As a final note, the specific data used in this thesis for generating the example combinations

is controlled, as the coming section discusses; it is therefore not forensically-realistic. As
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such, these generated combinations are better served as proofs-of-concept. Future work can
go on to explore more diverse and forensically-realistic data, but the goal of this thesis’
examples is only to establish that more detailed, bespoke, bottom-up, phonetically-informed

approaches to ASR are possible.

3.1. Corpus Selection

The first stage of this methodology involves the researcher selecting a database of
sociophonetically-comparable speech produced by sociophonetically-comparable speakers.
The choices made here must be informed in light of two considerations: firstly, to ensure the
methodology can function correctly, there are technical requirements of the data that must be
met and confounding variables that must be controlled. These are discussed first in this
chapter. Secondly, and more importantly, the selected speakers and the speech must be
sociophonetically-controlled because the choices made here sociophonetically-informs one’s
investigation, which can be as diverse as one chooses for forensic purposes. As discussed
throughout this thesis, different speakers and different data types may have different
characterisation needs that must be explored. Thus, the chosen data informs the portfolios
that are generated: the results will therefore only be applicable to the selected data group. Re-
running this methodology on different data in future studies will therefore create different
portfolios. For example, a database of text-independent speech recorded using mobile phones
that was produced by young female speakers with Southern Standard British English (SSBE)
accents will generate a portfolio specific to this style, data, age, sex, and accent profile.
Effectively, all future investigations should vary along these axes to build further portfolios.
These can then be compared to each other to identify any generalisable findings across
sociophonetic boundaries, as this thesis explores. As such, this is the first point at which

future researchers can tailor the methodology: they may wish to use data from different
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speakers producing different data to find out the unique needs of a given group of speakers

for ASR.

For this thesis, the sociophonetic variables of accent and style are tested. The present thesis
employs three different corpora, each varying along these axes. Two of these datasets are
from Nolan et al.’s (2009) Dynamic Variability in Speech (DyViS) Corpus, which contains
speech from males aged 18-25 with SSBE accents. However, the two selected datasets vary
in speech style type: one is text-dependent, one is text-independent. The text-dependent task
involves reading out a news article about a crime; the text-independent task involves a staged
phone call admitting guilt to a crime. Comparing data along this speech style axis allows for
variation in speech style to be tested. Then, one dataset from Gold et al.’s (2018) West
Yorkshire Regional English Database (WYRED) Corpus will be analysed, in particular the
dataset that collected text-independent speech from male speakers aged 18-25 speaking with
West Yorkshire accents. A comparison between this and the text-independent dataset from
Nolan et al.’s (2009) DyViS Corpus therefore allows for the accent axis to be explored and
tested. Age and sex were kept consistent because, as seen throughout the previous chapter,
these variables can affect speech production and thus the likely within- and between-speaker
variation for given features. Thus, this experimental design allows for only the variables of
style and accent to be tested in order to explore whether different sociophonetic speakers and

speech have different needs.

Before reviewing these databases in detail, however, the baseline technical requirements for
any investigation using this methodology must be explored. Firstly, all of the data must be in
the WAV format. This is essential for two reasons: the first reason is that the WAV format is
compatible with all of the software used in the following stages of this methodology.
Secondly, the WAV format is considered the most desirable way to store speech data for
forensic testing anyway. This is because, as van Son (2002) writes, it is a completely lossless
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and uncompressed format. The lossless format is desirable because it means the speech is
recorded and stored in the highest quality available; thus, it has been preserved and stored as
closely and as accurately to the original production as possible. The uncompressed format is
important because compressing audio and reducing the file size can result in jump errors that
can deteriorate the quality of the recording. These errors will affect the validity of the
phonetic feature measurements extracted later in this methodology. It is possible to salvage
compressed audio from these jump errors, should one need to use data stored in a compressed
format, but one would need to calculate and decrease the Root-Mean-Square Error (RMSE)
in their analysis of vowel f0) and formant measurements. RMSE is a measurement that
represents the standard deviation of data points from the predicted regression line of the data;
simply put, it calculates how far the data diverges from expectations. These jump errors are
such divergences, hence why calculating RMSE offers a solution to accounting for and
correcting errors created by the use of compressed audio. That said, however, one can avoid
even encountering this issue and needing to add this unnecessary step by opting to use data in
the uncompressed WAV format, hence why it is the optimum format for testing. That said,
this is only the case at the time of publication; future audio formats may exist that are more
appropriate for testing, and as long as they are compatible with the rest of the methodology,

future research may wish to employ them for whatever benefits they hold.

Moving on to a different technical requirement, the sampling rate of the audio used must be
higher than 7.8 kilohertz (kHz). This is a constraint imposed by the other software employed
in this methodology: McAuliffe et al.’s (2019) Montreal Forced Aligner (MFA). The MFA,
when it aligns speech to its component phonemes, requires the extraction of MFCCs between
OkHz and 7.8kHz. This is where the lower frequency ‘bins’ are, as discussed above. Thus, the
sampling rate of the selected data must be higher than 7.8kHz so that all of the required

MFCCs for the MFA to work can be extracted. It is important to note that this is unlikely to
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affect any study today: most high-quality data is sampled at 44.1kHz and most mobile phone
recordings, whilst lower in quality, are still sampled above this threshold at 8kHz. This is
typical of phone transmission. One would also want the sampling rate to be above 7.8kHz for
successful formant extraction anyway; any lower, as discussed above, and the frequency
range will only extend to 3.9kHz and an unwanted ceiling to the data will be created which

can affect higher formant measurements.

Next, confounding variables in data selection that may affect the quality of one’s
investigation are discussed here. Firstly, one must ensure that the microphone and the
microphone set-up is consistent across all speech recordings analysed in the dataset. This is
because, as van Son (2002) writes, the microphone used and the microphone set-up have a
direct impact on the recording quality. These methodological discussions are particularly
important to intensity, as mentioned above. Using RMSE as a metric for identifying and
measuring the effect that changing the microphone can have on recording quality, van Son
(2002) found that the RMSE of the pitch and formant measurements of the recorded speech
surpassed one semitone when different microphones were used to record the same speaker.
When the same microphone is used, however, the RMSE of the recorded speech is always
below one semitone. Semitone is a measure of f0); thus, a change in microphone will affect
any phonetic features measuring f) in some capacity due to this higher variability. As a result,
the microphone used can be a confounding variable in a study. Consistent microphone use is
therefore a way of ensuring the speech used for a given speaker and data group is consistent,

thus making the portfolios more reliable for use.

This impact of the microphone used, as van Son (2002) writes, is to be expected: all
microphones differ in production quality, size, and position within the recording device itself.
As explained further by Tiete et al. (2017), the space available to different microphones that
is used for receiving and converting acoustic pressure into electrical energy affects the quality
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of a recording directly. Therefore, microphone variability is a confounding variable that must
be controlled to ensure one takes phonetic feature measurements that are consistent in quality
across all of the speakers in the selected group for the portfolio being created. Confounding
variables such as this must be controlled during the data selection stage of the methodology
because many databases intentionally offer data recorded from different microphones, such as
studio microphones and mobile phone microphones, to allow researchers to study the effects
of different microphones on recorded speech. Such explorations would be possible with this
thesis’ proposed methodology in the future: one could compare the results from different
microphones to identify which phonetic approaches can always be reliably used irrespective
of microphone quality and which only work for a given microphone quality. Matching and
mismatching the microphones used in all included data, selected or created, is therefore an
opportunity to shape another investigation along the data type axis. This may be particularly
important in forensic cases wherein evidence will have expectedly been recorded by a variety

of different microphones.

One must also account for the set-up of the microphone as another confounding variable.
This is because the position and distance of the microphone to the speaker and the sensitivity
of the device itself can affect measurements of phonetic features like intensity, as Titze and
Winholtz (1993) write. More specifically, the closer a speaker is to the microphone, or the
more sensitive the microphone is, the louder they will appear in the recording. With this in
mind, session variability is another confounding variable one must control because this can
affect microphone set-up: the researcher may slightly alter the position, distance, or
sensitivity of the microphone between recording sessions or the speaker may position
themselves differently between recording sessions, as Rouvier et al. (2011) write.
Alternatively, however, this is yet another way in which one can shape one’s investigation

along the data axis. One may wish to identify what phonetic approaches are best to measure
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in light of session variability so that phonetic approaches to ASR can be more adaptable to
different recording settings, here changes to the microphone set-up. Again, this will be

particularly pertinent to forensic cases where data is much more diverse.

Another confounding variable to consider is background noise to the recorded speech, as
Rouvier et al. (2011) also flag. Background noise can be other speakers, as would be
expected when recording in a public space, or noisy objects in a room, such as a fan.
Background noise is important to consider in an ASRinvestigation using this thesis’
methodology because it can impact the quality of the phonetic feature measurements taken; a
louder noise in the background may skew an intensity reading, for example. It should
therefore be controlled because it can be difficult to remove background noise from a
recording; selecting or creating data without background noise is easier in an experimental
design. However, this is again another avenue for one to shape future investigations: one may
wish to identify what phonetic approaches are best to accommodate session variability
between recordings caused by different or increased background noise. This has particular
commercial benefits, as customers may wish to access their accounts in busier spaces than the
quiet home, and forensic benefits, due to the increased diversity of forensic data. One could
therefore use the present thesis’ methodology to explore how, exactly, phonetic approaches
fare when the data has no background noise and when the same data has background noise.
Alternatively, many studies have already researched and developed methods of de-noising
speech signals using modern approaches. Such technologies could also be employed in the

present methodology to accommodate the confounding variable of background noise.

The sociophonetic variables one selects for testing are now discussed further. Concentrating
on some of the technical impacts of these sociophonetic variables, Eide and Geish (1996)
note that the vocal tract differs significantly in length between men and women on average.
This, in turn, results in a higher frequency range for women and a lower frequency range for
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men. This will directly affect f0) and formant measurements, as discussed above. More
specifically, this difference between male and female vocal tracts is so widely accepted that it
manifests itself in the tools and approaches already being applied in this methodology:
Boersma and Weenink’s (2023) Praat, which is used for feature extraction later in this
methodology, requires one to set different f) ranges based on the sex of the speaker analysed
to ensure the feature extraction process is as reliable as possible. Specifically, one sets the f0
range lower for men than women. As such, within a singular investigation using this
methodology, one should keep sociophonetic variables like sex consistent as a technical
requirement: these distinctions are so well-documented that different configurations already
exist within this methodology to accommodate them and make feature extraction more
reliable. This, itself, is evidence that sociophonetic tailoring is already crucial for

phonetically-informed ASR.

Exploring the decisions here allows future researchers to tailor to their investigations using
the present thesis’ methodology. In order to exemplify this, the following sections will
discuss three specific datasets selected for the present thesis’ investigations. Exploring these
will allow this methodology to be rigorously tested and explore variation along the
sociophonetic axes of accent and style, all whilst meeting the controls and considerations
specified here. It should be noted that many of the considerations explored in this section are

derived from Drygajlo et al.’s (2015) literature.

Being so transparent about the data and approaches used are efforts to reduce uncertainty by
allowing the methodology to be more understandable, as Wang and Hughes (2022)
recommend. It also adds to the explainability of the process, which benefits this thesis’ core
goals. However, Wang (2021) also flags that even variability in the speakers selected as test
speakers from a database can cause random variability in the scores for performance,
especially when the sample size is small. This means that, despite the amount of data used
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from each dataset, the external validity and applicability of any portfolios may still be
affected by which speakers were selected as test speakers for each experiment. For more
realistic applications of this thesis’ methodology, future replications with different setups of
speakers are therefore recommended. Here, the goal is simply to identify whether these

bespoke, bottom-up, phonetically-informed approaches to ASR are viable.

3.1.1. Nolan et al.’s (2009) DyViS Corpus (Text-Dependent and -Independent Tasks)

Looking at the selected datasets more closely, the first corpus selected for the present study is
Nolan et al.’s (2009) DyViS Corpus. All of the speakers are aged 18-25, male, and have
SSBE accents. Two datasets were selected from this corpus: one containing text-dependent
speech and one containing text-independent speech. As the speakers were kept the same, this
thesis’ explorations therefore identify the optimum, phonetically-informed characterisation

needs of young, male, SSBE speakers producing text-dependent or -independent speech.

Looking first at why specifically this data can be selected, it meets all specified technical
requirements of this stage and all confounding variables have already been controlled by the
corpus creators. Firstly, all of the files are saved in the WAV format. They are therefore
compatible with the methodology at present. Furthermore, the files are all 18-bit and 48kHz;
they are therefore compatible with the later stages of this methodology, namely McAuliffe et

al.’s (2017) MFA.

Focusing first on the text-dependent sub-corpus, all of this data has been selected from Task 3
which is a reading of a news report, as discussed. All data was taken from the same session
and from recordings using the same high-quality microphones in the same room without any
background noise to control the microphone-related and session variability-related
confounding variables above. This ensures that all of the read text-dependent speech is

comparable between all speakers. By having each speaker read the same script it also ensures
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that, when this methodology turns to examining specific vowels, the same number of tokens
of each vowel have been collected from each speaker. This ensures that all confounding

variables and independent variables are already controlled.

Turning now to the text-independent sub-corpus, efforts have been made to keep this data as
comparable as possible to the text-dependent speech with the only difference being the type
of speech produced. This data is from Task 2. The same speakers were used, recordings from
the same session were used, the same microphone was used, and all technical requirements
were again met. Thus, the core difference was that the speakers were now producing
spontaneous speech; however, this raises the issue that there is much more variability
between recordings now. One potential issue for the present methodology is that text-
independent speech cannot control the number of tokens produced of each vowel; thus, there
may be an imbalance between speakers here. That said, efforts have been made by the corpus
creators to control this: firstly, much more data is collected from this task, meaning there are
more opportunities for each vowel to be used a significant amount. Secondly, they kept the
speakers on a specific topic, namely an imaginary discussion with an accomplice about a
crime the speaker committed. This ensures that speakers will be producing lexemes from the
specific semantic field related to crime, thus meaning the data may contain many of the same
lexemes and thus vowels. Whilst this is as controlled as it can be without using pre-
determined speech, it is also worth considering that any more control than this would risk the
data not reflecting real speech; this data is already potentially hindered by the effects of
Labov’s (1972) Observer’s Paradox as the speakers are aware they are being recorded in a

controlled environment.

Issues aside, this thesis can still use these datasets to explore the viability of bespoke, bottom-
up, phonetically-informed approaches to ASR. By comparing the portfolios generated for
each dataset, this investigation can then highlight what phonetic approaches to ASR will
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always work for this speaker group regardless of the data produced. It can also identify what
phonetic approaches are style-specific, in particular which approaches only work for this

speaker group when they produce text-dependent or -independent speech.

Sociophonetic research into the SSBE accent is of particular interest to this investigation.
Relevantly, de Jong et al. (2007) found evidence of phonetic changes in progress in SSBE:
many phonologically back vowels, such as /u:/, showed increasing degrees of variability in
vowel frontness between speakers. This change is diffusing through this sociophonetic group,
and as a result formant 2 may prove particularly useful for distinguishing speakers. However,
the results of this study could also be interpreted as unclear: the variability identified may
instead be due to different segmental contexts causing different co-articulation effects on
formant 2 measurements. This may result in increased within-speaker variability which can
trigger further between-speaker variability. Such variability in formant 2 will be explored in

this thesis as a result.

3.1.2. Gold et al.’s (2018) WYRED Corpus (Text-Independent Task)

Moving now to Gold et al.’s (2018) WYRED Corpus, this was specifically designed to be
comparable to Nolan et al.’s (2010) DyViS with the only difference being the accent of the
speakers; age and sex are kept consistent. With this in mind, all of the above technical and
confounding considerations apply here: session variability was controlled, microphone
quality and set-up were controlled as above with high-quality microphones and no
background noise, the data meets all technical requirements of being WAV, 16-bit, and
48kHz, and the speakers were all kept the same across tasks. However, only the text-
independent dataset was selected here. In the speech produced, the speakers also pretend to
be offenders on the phone admitting to the crime, so all of the text-independent concerns and

controls above apply here too. The only difference of note is the speakers themselves: they
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are still aged 18-25 and male, but here they have West Yorkshire English accents. Thus, the
portfolio that will be generated by this data will identify the optimised phonetic approaches
for characterising young, male, West Yorkshire English speakers producing text-independent

speech.

This investigation will create more portfolios, here concerning how best to characterise this
speaker group producing text-independent speech. This data has been selected because it
invites a comparison to the above SSBE speakers also producing text-independent speech to
see how accents vary the performance of the bespoke, bottom-up, phonetically-informed
approaches to ASR tested in this thesis. Comparing these portfolios allows one to identify the
different needs of different accents for ASR as well as what phonetic approaches may always

prove useful for ASR regardless of accent.

Overall, through strategic data selection, the present thesis allows for comparisons to be made
along the speech style axis (by comparing the text-dependent and -independent speech from
Nolan et al.’s (2010) DyViS) and along the accent sociophonetic axis (by comparing the text-
independent speech from Nolan et al.’s (2010) SSBE speakers and Gold et al.’s (2018) West
Yorkshire speakers). More focus is paid to text-independence here given its increased real-
world applicability, as highlighted throughout previous chapters, but again it must be
reiterated that the selected data only serves to show whether bespoke, bottom-up,
phonetically-informed approaches to ASR could work; more real-world, forensically-diverse
explorations should be conducted with this methodology once its potential has been explored

in the present thesis.
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3.2. Forced Alignment

Now that the datasets have been selected, the speech signal must be segmented into its
component phonemes so that the data can be analysed at the phonemic level. This allows
different vowels to be tested, specifically to identify which vowels will prove particularly

useful for ASR and what features are best to measure across the different vowels.

The goal of this stage is to generate TextGrid files that can be read into Boersma and
Weenink’s (2023) Praat, the software that will be used in the following stage for extracting
feature measurements. These TextGrids will delimitate where each phoneme is in the original
speech recording. Generating these therefore ensures that the phonetic feature measurements

can be taken from the specific vowels being tested.

For the creation of these TextGrids, McAuliffe et al.’s (2019) MFA has been selected as the
software of choice. This is based on the success of the approaches it employs in prior studies
that are discussed throughout this section. The specific task of demarcating these speech
boundaries is called forced alignment. A forced aligner, as defined by McAuliffe et al. (2019)
themselves, is a piece of software capable of taking a speech recording alongside an
orthographic transcription of its speech content to generate time-aligned TextGrid objects that
demarcate the exact timestamps of all words and, most importantly, phonemes, in the speech.
Many forced aligners exist, so the justifications for choosing the MFA specifically must be
discussed below; however, following the underlying themes of futureproofing this thesis’
methodology, it should be noted here that if more advanced or more reliable forced aligners
come to exist in the future, it is possible to use that forced aligner instead as long as it can
generate TextGrid files that Boersma and Weenink’s (2023) Praat can read for extracting

feature measurements later. As will be seen, swapping out this forced aligner when a more
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reliable aligner comes to exist may actually be recommended; the MFA has potential flaws

that this thesis explores in detail.

In order to conduct forced alignment, there are multiple components involved. Firstly, forced
aligners require three elements to be input: the speech files from the corpus selection stage
(which have already been discussed), a pronunciation dictionary of the target language of the
speech, and a transcript of this speech. Looking first at this dictionary, it must contain
information on the phonemes present in every word of that target language so that the forced
aligner can use this dictionary to structure the TextGrid output for each speech file,

specifically to organise the order of phonemes found in each word in each speech file.

Turning next to the transcript of the speech, this can complicate the methodology. It must be
a plain TXT document only containing the spoken words in the speech file for it to work.
When the selected corpora can and has included a transcript, no extra step is required; the
provided transcript can be used. This is typically the case for text-dependent speech as the
speakers are already using a script of some kind. The problem, however, arises for text-
independent speech where, by virtue of being spontaneous, no transcript exists. Transcribing
this speech automatically may generate errors that human transcribers would not, but
transcribing this speech manually can be an arduous task that may still invoke human error
due to unclear speech and errors. As an exploration of solutions to this issue, methods for
automatic speech recognition that convert speech to text will be used to test their efficacy on
the text-independent speech databases used in this thesis. Google Cloud’s (2023) speech-to-
text software was used due to its reliability and accuracy, and upon manually checking a
sample of five transcripts, none had errors. Full transcripts of all text-independent speech

were created with this tool and could now fill this gap in the forced alignment process.
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Whilst successful, this software does not align with the explainability ethos of this thesis: it is
completely reliant on difficult-to-explain machine learning approaches that cannot be
understood. This, unfortunately, represents a cost of this thesis at the time of writing: no
reliable-yet-fully explainable automatic speech recognition methodology exists, so Google
Cloud’s (2023) approach had to be used. This is important to flag because, as it stands, this
methodology now cannot be wholly explainable. When a more explainable automatic speech

recognition system does exist, however, it should be implemented in this methodology.

Issues aside, the process of forced alignment with this speech, dictionary, and transcript will
now be discussed. For the process of matching the dictionary-ordered phonemes to the speech
content as labelled by the transcript, further speech recognition tools must be employed. The
MFA employs Povey et al.’s (2011) Kaldi speech recognition toolkit to recognise the
boundaries of the ordered phonemes in the selected data. This is a well-justified choice:
Povey et al.’s (2011) toolkit is a reputable speech recogniser, as Matarneh et al. (2017) write,
that has been used for the acoustic analysis of data from multiple different languages.
Exemplifying this efficacy on multiple languages, Gauthier et al. (2016) used it for successful
speech recognition in Hausa whilst Peddinti et al. (2016) used it for successful speech
recognition in English. This last study specifically indicates that a system using Povey et al.’s
(2011) Kaldi toolkit, such as the MFA, can be successfully and reliably employed for the
analysis of English data, such as that selected for this thesis. More broadly, these studies
justify the use of the MFA because together they indicate that as long as a dictionary exists
for data in a given language, the MFA is reliably compatible with any language variety due to
its use of Povey et al.’s (2011) Kaldi toolkit. This means that the present methodology,
despite being tested on English data, could therefore be used to identify different phonetic
approaches to ASR in different languages so long as a language-specific acoustic model and

dictionary exists for that language. This is another potential application of the present
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methodology: beyond data and speaker types, different language varieties could also be
explored in light of identifying which phonetic approaches are best for a given variety. Whilst
not different languages, the specific choice to change the accent variable in the present thesis

exemplifies how one could explore differences between language varieties.

Turning now to the underlying technical processes employed by the MFA, these can be
broken down into four primary stages. This is important to discuss in light of explainability
and compatibility with the methodology. For the first stage, phonemes are very roughly
mapped to the speech files based on the dictionary and transcripts using monophone models.
These models treat every occurrence of every phoneme the same way. They do not consider
the context they occur in beyond the phonological stress information already included in the
dictionary, as will be discussed later; they just use a generalised representation of the
phonemes in each word of the transcript to create a basic representation of the structure of the

speech’s phonemes.

Speech, however, is subject to variation based on surrounding sounds, so the second stage of
the MFA considers this specifically. This stage takes each individual phoneme’s monophone
model and considers the monophones of the two flanking sounds. These three monophone
models considered together are called triphone models, and they allow the MFA to consider
co-articulatory effects caused by certain sequences of sounds. The co-articulatory effects can
include changes in the production of a sound based on the preceding or following sound: for
example, word-initial /t/ is aspirated if no sound precedes it, as in “top” which is produced as
[t"op], but is unaspirated when a /s/ precedes it, as in “stop” which is produced as [stop]. Co-
articulatory effects are critical to the accuracy of the MFA: as this example shows, plosive
length is a variable that is directly affected by aspiration. If the extended or reduced length of
a plosive that results from co-articulatory effects is not considered, the MFA could

incorrectly assume it has been aspirated or unaspirated and inaccurately capture the length of
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the plosive. As a result, the proceeding sound may include the aspirated section of the
production. Given that many of the selected acoustic features required the selected segment
of speech to be voiced for a measurement to be extracted, such accuracy is therefore critical

to avoid the inclusion of any unvoiced segments of speech such as aspiration.

Thus far, the phonemes themselves and their phonological contexts have been considered.
However, this assumes that all speakers produce phonemes the same way in each given
phonological context. This is not how speakers produce language; they produce phonemes in
unique and individual ways, and so the third stage of the MFA takes into account this speaker
individuality. As Chodroff (2018) explains, the MFA employs specific elements of Povey et
al.’s (2011) Kaldi software for this task, in particular its Linear Discriminant Analysis
Maximum Likelihood Linear Transform (LDA-MLLT) tools. Firstly, this takes the MFCCs
of the individual phoneme productions for the unique speaker and builds HMM states for
each speaker’s phoneme productions. In effect, this captures the feature space of the phoneme
productions, but reduces the size for efficiency given how much data this stage accrues by
looking at individual productions. From these HMMs, a unique transformation of every
occurrence of every phoneme is generated for each speaker, thus accounting for intra- and

inter-speaker variability entirely.

The final stage of the MFA combines the phonological context information from the triphone
models with the speaker context information from the LDA-MLLT stage. To do this, this
stage calculates a transformation of the MFCCs for each speaker’s individual phoneme
productions from the third stage to personalise the monophone model information from the
first stage; these are then combined into the triphone models from the second stage. These
enhanced triphone models are then used to align the transcript to the speech with the highest

degree of accuracy possible. The reliability of this process can be attributed to its clear focus
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on phoneme and speaker individuality; this aligns with the views of the present thesis on

using phonetic theory and justifies its use in the present study.

However, in practice, there are concerns that must be raised. The MFA utilises a number of
the practices that lack full explainability, namely the HMMs discussed in the previous
chapter. Due to present limitations, nothing can be done about this; however, this highlights
how this stage could benefit future attention from researchers. More explainable approaches
to forced alignment could be tested and developed for the benefits of explainability discussed
in the earlier chapters and to ensure all stages of this methodology are more explainable. This
is for two reasons: firstly, triers-of-fact may seek explanations for this stage of the
methodology. Secondly, errors in this methodology may arise from errors in forced

alignment, and these cannot currently be diagnosed or fixed as a result.

Turning now to how the MFA is practically used, regardless of the explainability issue, this is
relatively simple. One must first select a dictionary. For the present thesis, given that English
is the language spoken in all three selected databases, Panayatov et al.’s (2015) LibriSpeech
lexicon was employed based on McAuliffe et al.’s (2019) own recommendation. The reasons
for this recommendation are twofold: firstly, this library is amongst the largest created and it
encompasses most words in English. The second reason is that it encodes all phonemes in a
format compatible with most programming languages: the ARPAbet. The ARPAbet is a
format for representing phonemes in compatible fonts for coding given that many IPA
symbols are incompatible. Though its usefulness in automating phonetic analyses such as this
cannot be understated, a critical flaw of the ARPAbet is that it does not account for all
phonemes. However, for the present study, the use of the ARPAbet is mostly compatible with
the selected phonemes based on literature reviewed above: /a/, /v/, i/, I/, /d/, I/, /al, [/, I/,
1/, /¢/, then /3-/. Most of these can be represented by the ARPAbet: /o/ can be represented as
AHO (and ERO when rhotic /a-/), /u/ can be represented as UH, /1/ can be represented as IH,
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/u/ can be represented as UW, /a/ can be represented as AA, /a/ can be represented as AHI,
/a/ can be represented as AO, /a/ can be represented as AE, /i/ can be represented as 1Y, /e/
can be represented as EH, and, /3-/ can be represented as ER1. The numbers at the end of
these is discussed momentarily. It should also be noted at this point that the ARPAbet is not a
necessity; it is simply a representation of phonemes devised for dictionaries. Future studies
may wish to use phonemes beyond the limits of the ARPAbet or consider supra- or sub-
segmental features beyond that which the ARPAbet can represent. As such, one may wish to
use alternative dictionaries that do not use the ARPADbet; all that matters is that the

representations are compatible with the coding languages used in this methodology.

Looking at an example from Panayatov et al.’s (2015) dictionary in closer detail, Figure 3
below takes the English word “abilities” as it is entered in their dictionary. Every entry is
formatted as follows: the word comes first, which is what the MFA indexes using the
transcript, then the order of the phonemes in the word follows. This allows the MFA to search
for every word in the transcript, access the order of the phonemes in the words to build the
necessary updated monophone and triphone models, and print them and their durations in the

TextGrid file that aligns the transcript to the sound file.

Figure 3: Entry for “ABILITIES” in Panayatov et al.’s (2015) LibriSpeech Dictionary

ABILITIES AHO B IHI L AHO T IYO Z

It is important to note that, in the case of the vowels, this dictionary does not assume all
vowels behave the same in every word; this dictionary factors in phonological stress and
encodes whether a vowel has no stress, primary stress, or secondary stress by including a “0”,

“1”, or “2” at the end of the ARPAbet code respectively, as seen in the vowels above already.
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The inclusion of this information adds greater depth to the present methodology and further
justifies the use of this dictionary: by including this stress information, the MFA can now also
consider additional information about the phonological stress that each token carries. This
opens the door to exploratory analyses of stress. Such specificity has not been considered in
previous literature, thus allowing for the present research to explore another research gap
concerning further phonological variation in phoneme productions and how this can affect

ASR performance.

A notable issue with the use of dictionaries, however, is what to do when the transcript
includes a word not contained within the dictionary, such as a proper noun. A solution
provided by CMUdict (2014), the providers of Panayatov et al.’s (2015) LibriSpeech
dictionary, is the LOGIOS Lexicon Tool. This will try to generate transcriptions of any
missing words using the ARPAbet automatically. However, upon testing this tool for this
thesis, it proved unreliable; particularly with the proper nouns causing the issues in the first
place. Due to this issue, the researcher manually transcribed missing words using the
ARPADet. This detracts from the automated focus of this thesis, but it demonstrates the need
for a more fully comprehensive dictionary or for a tool which can more reliably transcribe
words automatically. Regardless, this was exceedingly rare; very few words posed an issue to
the MFA. The overarching point to make here is again that more automatic-yet-explainable
methods could be researched and developed to address the issues facing this forced alignment

stage.

A potential specific issue with the Panayatov et al.’s (2015) LibriSpeech dictionary is that it
is specifically designed to represent General American English; it may therefore not be
applicable to further varieties of English. This is an issue because these dictionaries seek to
represent how speakers produce language, so sociophonetic variation should be considered in
the dictionary. Problematically, however, none of the selected databases for this thesis
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contain this accent; they contain SSBE and West Yorkshire accents. This could have a variety
of hypothetical effects: for example, it may result in an increase in F1 variation for
FOOT/STRUT vowels given that General American English has these vowels split whilst
West Yorkshire accents does not. However, as Bailey (2016) reports in their uses of the
LibriSpeech dictionary for ASR research purposes, its use does not appear to hinder the
analysis of British English varieties in any way; thus, the reliability of this methodology
should be unaffected overall. Bailey (2016) acknowledges that British English dictionaries do
exist, but they are less detailed than Panayatov et al.’s (2015) LibriSpeech dictionary; they
also do not consider stress types, meaning an exploratory analysis of stress would not be
possible. They also contain fewer words, meaning the above issue regarding missing lexis
will be accentuated by using these dictionaries. At the time of writing, no comprehensive
dictionary exists for any British English variety. However, should one be made, or if future
research is analysing a variety of speech which has a sociophonetically-tailored dictionary

available, one should insert it here during the forced alignment stage.

Once the MFA has run successfully, it automatically outputs TextGrid files for every speech
file. These can now be used in the next step of the methodology where phonetic feature
measurements will be extracted from the selected vowels. It is important to reiterate that this
detailed summary reflects how the forced alignment process was conducted at the time of
writing. As mentioned throughout this chapter, concern for the future-proofing of this
research includes adaptability to new advancements: not only could more explainable
solutions be implemented, especially for converting speech-to-text, but new dictionaries that
are more comprehensive and sociophonetically-representative should be implemented
wherever possible. Furthermore, if formats more robust than the ARPAbet exist for
expressing the IPA symbols in a more code-friendly manner, these could also be used.

Finally, should more reliable and explainable methods of forced alignment exist than the
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MFA, these could be used. As long as the chosen forced aligner can read in WAV files of
speech and TXT file transcripts of speech so that TextGrid files demarcating the phoneme
boundaries can be generated, any forced aligner can be easily integrated here instead of the

MFA without changing any of the preceding or proceeding stages.

3.3. Feature Extraction

In this step, all measurements of every phonetic feature discussed in the previous chapter are
collected from every speaker’s produced tokens of the selected phonemes. At this point, the
speech has already been selected (3.1) and the vowels in these files have already been force-
aligned (3.2). As a reminder, the selected phonetic features are f0, intensity, formants, mean
autocorrelation, mean harmonics-to-noise ratio, jitter, and shimmer. For this section, Boersma
and Weenink’s (2023) Praat software is used to take the measurements. This software has
been selected as the optimum tool for this stage of the methodology for two primary reasons:
firstly, it is compatible with the other stages of this methodology thus far and the overall
goals of this thesis. This is because it has been specifically designed for acoustic analyses, it
can analyse all of the selected phonetic features and phonemes, WAV files can be input as
speech files, and TextGrids can be input to demarcate phoneme boundaries in the WAV files.
The other reason for selecting this software is its noted reliability for phonetic experiments.
Boersma and Weenink’s (2023) Praat has been a popular tool for acoustic analysis since its
creation and that popularity remains steadfast today with much research continuing to employ
this software for acoustic analysis, such as Suess’ (2023) recent study of how visual cues,

such as lip movement, correlate with formant measurements.

This section will now be split into two further sections for ease of discussion: the first
discusses the specific, automated approach created for this thesis for the task of feature

extraction in Boersma and Weenink’s (2023) Praat. The second section will discuss the
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reliability of the Boersma and Weenink’s (2023) processes for analysing the selected

phonetic features to justify this choice of software further and highlight its potential issues.

3.3.1. Processes of Feature Extraction

For this methodology, a Praat script has been developed which can automatically take
measurements of the selected phonetic features from every token of the selected phonemes
produced by the speakers in each corpus. This ensures that the underlying processes behind
this methodology all continue to be automated, aiding any future integrations of these
approaches alongside real-world ASR systems. Broadly, this script first takes the speech files
in WAV format from (3.1) and the TextGrid files from (3.2) to identify the boundaries of the
selected vowels. Then, measurements of each of the selected phonetic features is taken from
these vowels. It then outputs the results per token, per speaker in CSV files. This code is

available upon request from the researcher.

Important specificities of how this code works and what it does are now discussed
transparently so that future researchers know how to follow and modify the methodology
based on their future investigations into different speech segments and features. This is in
keeping with the overarching themes of longevity and futureproofing present throughout this
thesis thus far. This stage could, technically, also be revamped with other software that may

prove more suitable or reliable to future investigations testing phonetic approaches to ASR.

With the speech selected and the phoneme boundaries demarcated, extracting the desired
phonetic features is focal to this stage, and each must be extracted in the most appropriate
way. For each phoneme token, one measurement of each phonetic feature is taken by the
script, but this measurement is not necessarily taken the same way for every feature. Some
are analysed as mean values, namely mean autocorrelation and mean harmonics-to-noise

ratio. These are analysed as means because the features themselves are calculated as mean
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values across the selected speech window already. Thus, one measurement of these features

already represents the data across the whole phoneme token.

For jitter and shimmer measurements, these are singular measurements representative of data
over multiple frames in the speech window; they are not mean values, but they are not values
of singular frames either. Thus, one measurement once again represents the data across the
phoneme token, but this time in relation to its midpoint. Shimmer (APQ11), for example, is

based on the 5 frames either side of the midpoint frame, as discussed above.

The remaining features, however, are measured from individual frames. These are f0,
intensity, and the formants. It is important not to take mean values of these measurements
because these features can fluctuate within a vowel production; thus, mean values could warp
the analysis. Therefore, for these features, the midpoint frame will be where the measurement
is taken from to ensure the values are not warped by taking means. This works for
monophthongs, as the present study is testing, because these are roughly stable productions;
this will not, however, work for diphthongs in future studies as the midpoint will only capture
the midpoint of the diphthong production. This problem could be addressed by taking
multiple frame measurements throughout the diphthongs in future research. Finally, these
feature measurement extractions will only work if the demarcated area is accurate and the
midpoint is voiced; otherwise, there will be no speech to extract measurements from. Overall,

however, this means that each feature is analysed in the most accurate and appropriate way.

3.3.2. Internal Reliability of Boersma and Weenink’s (2023) Praat

Having now discussed how one practically applies Boersma and Weenink’s (2023) Praat for
feature extraction, its underlying processes for measuring these phonetic features will now be
discussed to highlight the reliability of this software choice for the present methodology as

well as where opportunities for evolution arise for future researchers. Firstly, in terms of
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input compatibility, Boersma and Weenink’s (2023) Praat can read in any WAV file for
analysis; thus, it is software completely compatible with the reliability choices discussed
above in the data selection stage (3.1) so long as the file is saved in the WAV format.
Furthermore, its ability to take measurements from a given phoneme automatically are
entirely dependent on the reliability of the input TextGrid files provided; as a result, the
reliability of Boersma and Weenink’s (2023) Praat for accurately measuring aspects of a
phoneme token are dependent on the reliability of the forced alignment stage (3.2). This is
why so much work into the reliability of the prior stages is important; as long as they are
compatible with Praat, their reliability directly affects the reliability of this stage. The
selected data has been established as reliable, but it must be noted that the limitations of
forced alignment, despite the reliability of the MFA as it stands, may therefore have some

impact on the reliability of the present methodology for feature extraction.

Turning now to the output, Boersma and Weenink’s (2023) Praat offers accessible formats
for exporting its measurements. It exports the results as CSV files, a commonly used file
format which can be opened in R Core Team’s (2023) R, where the portfolio creation stage
(3.4) will take place. Thus, Boersma and Weenink’s (2023) Praat demonstrates full
compatibility with the stages of this methodology either side of feature extraction; it does not
alter or warp the input and it allows the output to be tailored to one’s investigation, thus

raising no confounding variables that could affect the present methodology.

Having established its broad reliability, the actual processes that Boersma and Weenink’s
(2023) Praat uses in its default settings to measure the selected phonetic features must now be
analysed. Looking first at how mean autocorrelation is measured, Boersma and Weenink’s
(2023) processes are based on Boersma’s (1993) own developed approach. Despite the
potential creator bias here, it is evidently the most reliable method for measuring this feature.
They argue that their algorithm is more reliable and accurate for measuring periodicity, the
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underlying regularity of a speech signal that mean autocorrelation measurements are taken
from, than other methods based on cepstra and combs. They write that this is because other
approaches cannot correctly estimate the autocorrelation of a selected periodic speech signal,
such as a phoneme. They write that the failure of these other approaches is due to them not
dividing the autocorrelation function of the selected periods of the phoneme by the
autocorrelation of the entire window of the phoneme. As their method does this, they deem it
most reliable. This has been independently verified by another researcher: Jouvet and Laprie
(2017) compared a number of algorithms for calculating mean autocorrelation and found that
Boersma’s (1993) produced the fewest f0) frame errors in its analysis, thus justifying its
reliability. Given the evident measurement validity of this approach, it has been confidently

employed as the chosen approach for measuring this phonetic feature in this thesis.

Additionally, the success of Boersma’s (1993) algorithm here also indicates that the
software’s approach to measuring f0 is the most reliable approach available for measuring
this feature too. This is because it employs the exact same algorithm to measure f0). Thus, the
above discussion justifies that f0 is also analysed in the most reliable way here. However, in
keeping with the themes of adaptability and futureproofing present throughout this thesis, if
future methods of measuring f0) and mean autocorrelation should arise that are more reliable
and can be implemented through Boersma and Weenink’s (2023) Praat, they should be
implemented. Furthermore, should they not be available in Boersma and Weenink’s (2023)
Praat, any software capable of taking these measurements whilst also retaining compatibility
with the input and output specifications above could be employed here too. The same goes

for all of the rest of the phonetic feature measurement approaches that are now discussed.

Moving on to formants, Boersma and Weenink’s (2023) Praat offers multiple methods for
measuring these phonetic features. Thus, ascertaining which is most appropriate and reliable
is crucial to the present methodology. The selected method for the present methodology is

105



Burg’s (1967) method, and this decision has been made on the basis of Bhore and Shah’s
(2015) study which compared three methods of taking measurements of formants. These
methods are the cepstral analysis approach, the Linear Prediction-Based Cepstral (LPBC)
technique, and Burg’s (1967) method. They assessed each method by calculating the RMSE
generated in analyses of the same data under each approach. They found that Burg’s (1967)
method generated the lowest RMSE. Similarly, Harrison (2013) found that the LPC technique
generates the most errors, especially when the settings are altered. Burg’s (1967) method has
been selected based on this research; as a result, this further demonstrates the instrument

reliability of the present methodology.

Looking at why Burg’s (1967) method is more reliable in more detail, it analyses time series
data formulated as iterations, which here are the frames of the individual phoneme tokens.
One compares formant measurements from one frame to measurements taken from a
reflection coefficient of the same frame in order to reduce errors that can be caused by
predicting vectors; as a result, all data used to calculate these measurements are therefore
present in the data and no assumptive or predictive data modelling is employed. Linear
Predictive Coding (LPC) is then used to calculate the formants from this to identify them

with greater accuracy.

Moving on to mean harmonics-to-noise ratio, Fernandes et al. (2018) write that Boersma and
Weenink’s (2023) Praat employs a method of calculating this phonetic feature that is
generally considered the most accurate method of calculating it by the research community,
thus further demonstrating the measurement validity of the present study. In essence, the
approach used involves calculating, in decibels, the percentage of the periodic voiced energy

of the voiced segments of the signal against the remainder of the signal that is simply noise.
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Turning now to intensity, evidence for the reliability of Boersma and Weenink’s (2023)
Praat’s approaches come from their long-term usage in phonetic research without any contest.
De Jong and Wempe (2009) used an earlier version of Boersma and Weenink’s (2023) Praat
to identify syllables automatically and reliably using intensity, for example. Through
widespread acceptance through the research community, the approaches adopted by Boersma
and Weenink’s (2023) Praat can be deemed reliable. It must be acknowledged, however, that

the performance of this feature can still vary based on the materials used, as discussed above.

Turning finally to jitter and shimmer, the measurement methodologies and reliability issues
were discussed in detail in the previous chapter. As a brief reminder, jitter can be measured
five different ways: as a local measurement, a local, absolute measurement, a RAP
measurement, a PPQ5 measurement, and a DDP measurement, Shimmer, similarly, can be
measured as a local measurement, a local, dB measurement, an APQ3 measurement, an
APQ5 measurement, an APQ11 measurement, and a DDP measurement. The mathematical
processes detailed in the previous chapter are those that Boersma and Weenink’s (2023) Praat
uses to calculate these measurements. The concerns about their lack of reliability were also
discussed above, and the potential measurement errors will be discussed in greater detail in

the later chapters of this thesis.

3.4. Portfolio Creation

This final section now provides an overview of how the portfolios of combined phonetic
approaches to ASR were created. This is all done in R Core Team’s (2023) R. The process
involves taking the raw phonetic measurements from (3.3) and using Ci, a current gold-
standard performance validation metric that will be the focus of this section, to calculate how

the features perform for ASR on each vowel for each database. Cii; is also used to calculate
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what the best combinations of features are for each vowel for each database. These portfolios

then serve as the tested best phonetically-informed approaches to ASR.

The first stage of portfolio creation involves converting the feature measurements into scores.
This is done using Likelihood Ratios (LRs). In essence, this is where every same- (SS) and
different-speaker (DS) pair within a test group is compared using the measurements of each
feature taken from a given vowel from a given database. Each of these comparisons is
represented as a score which is calculated as the similarity and typicality between two
speakers based on the given measurements; from these scored individual comparisons, ratios
are calculated which represent the probability of the evidence being valid under the SS and

DS hypotheses. These are the LRs.

More specifically, the LRs are calculated using a GMM-UBM approach. The consequences
of this for the explainability of the methodology will be discussed in the later chapters of this
thesis. Of the 100 speakers in each given database, 66 have been compared thus far in the
comparisons. 33 of these speakers were used as a test group, and they have been compared to
each other and to another 33 speakers who represent the background group. It should be
reiterated here that the selection for the test group, as Wang (2021) states, can have an impact

on the variability of the results.

Calibration is then done: this involves using the final 34 speakers, which are used as a
development group, to develop weights to apply to the LRs thus far to produce Log-
Likelihood Ratios (LLRs). This, Morrison (2018) writes, is a process of making the LRs even
more reliable by using a further group of data to train the ASR approach further, thus
minimising the margin for error further. This is fusion, and this allows one to combine scores

while accounting for correlation.
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The final stage, and the evaluation technique for overall performance, involves calculating
Log-Likelihood Ratio Costs (Ciir). This cost, as explained by Morrison and Enzinger (2019),
is the average of individual costs, specifically the costs of the false same-speaker and
different-speaker LLRs made from all of the above pair comparisons. In general, the closer
the cost is to 0, the better the performance of that feature on that vowel for that database is.
This is because Ciir captures the magnitude of false results using higher scores. This
magnitude is one of the main benefits of Ciir over other performance validation metrics
discussed in the previous chapter that make it the current gold standard performance metric

for validating ASR performance.

This provides an overview of how the performance of these phonetic approaches is assessed.
However, this only generates a cost for a singular combination of phonetic features for a
single vowel for a single database. Thus, to build the portfolios, different combinations of
features need to be tested for every vowel for every database. As a result, the above process is
followed multiple times to generate multiple Ciir measurements: to start, the Ci; of all
phonetic features and vowels combined is calculated. This provides a baseline performance.
Following this, the same conditions are tested on each individual vowel to provide a baseline
performance for each vowel. Then, Ci; is calculated again, but with one phonetic feature
removed. From this, the contributions of that feature for performance can be calculated as the
change in Cii;: if the cost decreases and moves towards 0, that means that feature is
detrimental to performance as removal improves performance. If the cost increases and
moves away from 0, this means that this feature is integral to performance as removal
decreases performance. Once these individual removals are complete, one final combination
is tested wherein only the features that prove integral to performance are included. This is

therefore a ‘top-down’ approach.

109



From this testing, the best possible combination of features for a given vowel from a given
database can be selected based on what generates the lowest cost. This process can then be
repeated for every vowel from every database, and from this a library of the best
combinations of features to measure for each vowel produced by a given group can be
generated. These portfolios consist exclusively of explainable and perceivable phonetic
approaches to ASR and could, theoretically, now be used as supplementary ASR materials.
As they are the best-performing phonetic approaches to ASR, they will have minimal
detrimental impact to better-performing ASR methods, if fused. As discussed, however, the
specific portfolios that are generated for this thesis are done so with forensically-unrealistic
data because they serve as proofs-of-concept; more diverse and realistic data should be used

beyond this thesis when practical applications are being considered.
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4. “Undefined” Results

The following three chapters discuss the results. These chapters each analyse the raw data
from three perspectives: the first of these chapters (4) explores how successfully extractable
the results for the phonetic approaches are. The second of these chapters (5) explores how the
phonetic approaches perform for same-speaker and different-speaker recognition tasks. The
final of these chapters (6) explores how the phonetic approaches can combine to generate
optimised approaches to ASR; this is where the novel, combinatory, phonetic portfolios are

explored. The raw data for these chapters can be retrieved from the author’s website .

The previous chapter detailed the methodology under the assumption of a successful data
extraction. However, Boersma and Weenink’s (2023) Praat can fail in its analyses; certain
attempts at feature extraction (3.3) can yield “undefined” results when the measurement
cannot be taken. This chapter focuses on this phenomena in order to illustrate the loss of data
that automation can bring. This analysis therefore provides an insight into the viability of
these phonetic approaches. These results are also focal to data trimming anyway: for portfolio
creation (3.4) to work, R Core Team’s (2023) R requires the data frames to only contain
numeric data; character strings will cause the entire analysis to fail. Data trimming is
therefore solely motivated by functionality; successful measurements that manifest
themselves as outliers are still retained given that the purpose of this study is to investigate
ASR, and the potential for speakers to produce outliers is a real-world scenario that could
face ASR tasks. They are therefore retained to avoid misrepresenting the reality of human
speech. This, plus this chapter’s exploration of feature extraction success rates, is important

for forensic audiences and validation.

! https://elliotjholmes.wordpress.com/
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All of these “undefined” results are immediately trimmed to ensure the portfolio creation
stage can proceed; however, it has been discovered that if a phonetic feature returns results
wherein over 25% of the total measurements are “undefined”, for whatever reason that must
be investigated further, that phonetic feature must be trimmed entirely. This is because
including them yet taking 25% of the results away consistently leads to data insufficiencies
during the portfolio creation stage. This meant that the portfolios could not be fully created,
and thus the given phonetic feature should be trimmed entirely prior to the creation of any
portfolio. For the same reasons, it was also found that any phonemes that provide less than
15,000 tokens of successfully extracted data must also be trimmed. Due to this token limit, it
was discovered that secondary stress vowels consistently fail due to data insufficiency; thus,
all of these phonemes must be trimmed too. This trimming contributes to the goal of creating
best phonetic practices for ASR anyway; if a phonetic feature or phoneme generates too
many failed measurements (or not enough successful measurements) this indicates that it may
be too unreliable for real-world uses as it may not generate enough data for ASR tasks to take
place and work reliably. The behaviour of these “undefined” results can therefore offer
insights into the inner workings of this phonetically-informed methodology, and thus this
chapter provides an analysis into these results to identify and diagnose any problems in this
explainable methodology, as many of the above researchers do with their explainable

methodologies to repair and improve them.

Turning first to why any phonetic feature, phoneme, or speaker results would generate these
“undefined” results, they can arise for many predictable reasons relating to the first three
stages of the developed methodology (3.1-3.3). Firstly, they may appear as a result of lacking
speech data in data selection (3.1) wherein the speaker did not produce a vowel where they
should have. This could be due to a variety of co-articulation effects. This is particularly

pertinent in text-independent speech which will be more natural and free-flowing, but may
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also occur in certain accents which elide certain sounds. A relevant example here would be
the use of glottal stops in place of vowels in West Y orkshire accents, as in how “to” is

commonly realised as [t?]. This may affect the selected data from WYRED.

Secondly, they may also occur due to misaligned TextGrids created during forced alignment
(3.2) or by the Montreal Forced Aligner (MFA) attempting to find the vowels that were not
actually produced in the selected data (3.1). The MFA is not capable of skipping unproduced
sounds, so will insert them in spaces where they do not exist and may therefore capture
voiceless speech. The transcripts for text-independent speech created using automatic speech
recognition tools may also have errors wherein they propose a wrong word containing the

wrong sounds.

Finally, they may also arise due to inputting mathematical impossibilities during feature
extraction (3.3): for example, f0) needs voiced speech to take a measurement. The inclusion of
any unvoiced speech, potentially due to the above errors with data selection (3.1) and forced
alignment (3.2), will therefore make the calculation impossible. Similarly, shimmer (APQ11)
requires eleven periods to be included, and if the phoneme production was shorter than

eleven periods, there will not be enough data to calculate this.

As seen, problems with the earlier stages can build up and affect the later stages. Though
these are all possible problems, the previous chapter detailed the efforts that were undertaken
to control reliability as best as possible to ensure that the fewest number of these “undefined”
results arose: the data was all checked to ensure the advertised speech was included in each
file; the output of the speech-to-text software was checked to ensure it generated correct
transcripts; a reliable forced aligner was selected to mitigate the risk of misaligned TextGrids;

reliable software for feature extraction was selected; and the Praat script has been checked
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and tested in multiple preliminary studies by the author to ensure there are no accidental

mathematical impossibilities (Holmes, 2021a; 2021b; 2021c; 2022a; 2022b).

Whilst trimming is important, it is equally important to rectify any issues resulting in
“undefined” results simply because more data is ideal; it gives the portfolios greater external
validity. This is why diagnostic studies are so important, and why they were reviewed in
detail above. Some of the “undefined” results are inevitable, however, due to the data
produced: if the target phoneme simply was not produced due to a coarticulation effect, no
current tool for forced alignment can account for this. However, if this coarticulation effect
can be labelled as a variant of the sociophonetic group of the speaker, this gives further
credence to the need to investigate sociophonetics in ASR as it grants an insight into what
phonemes should be omitted immediately due to the sociophonetic profile of a given data or
speaker type. It also gives credence to the notion that dictionaries specific to a sociophonetic
group may be important because they can capture variation that can enable greater

performance from phonetically-informed approaches.

Thus, for each given corpus, an investigation into these “undefined” results now begins.
These results will be grouped in three separate ways to investigate their distribution: by
phonetic feature, by phoneme, and by speaker. This identifies which phonetic features,
phonemes, and speakers (if any) must be trimmed in each corpus to avoid exceeding the
above limits. In doing this, this chapter is also investigating how sociophonetic variables
affect the frequency of “undefined” results. For the phonemes, this is also done for every
stress condition in line with the proposed exploratory analysis into the effects of phonological

stress on phonetic approaches to ASR.

Some expectations have been made for this analysis. Firstly, given the number of variables

already controlled above (particularly for text-dependent speech where the same phonemes
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have been produced in the same order), minimal variation is expected between speakers.
Similarly, it is expected that there will be minimal variation between phonemes per dataset
given that they are all monophthong vowels and are all roughly the same length of 0.03s; they
are therefore consistent in data length and quality, to an extent. That said, the ratio of
“undefined” results may be somewhat higher for text-independent speech based on the
increased likelihood of co-articulation effects that may result in a vowel not being produced

fully, as discussed above.

Phonetic features, on the other hand, should prove most variable in the ratio of “undefined”
results. Analysing these will therefore offer the most insights into the reliability of the
methodology and how effective each phonetic feature is based on its ability to be extracted
successfully for each speaker and data type. For example, f0 should always successfully
extract a result because each of the selected vowels are, theoretically, voiced. Boersma and
Weenink’s (2023) Praat requires this; if parts of the selected segment are unvoiced, the
extraction will fail. Thus, the frequency of “undefined” results can tell two things: whether
the methodology has issues regarding the placement of phoneme boundaries (thus bringing
into question the reliability of the forced aligner which may have misaligned the speech and
included surrounding unvoiced segments) or whether the speaker does not produce certain
vowels due to co-articulation effects or their accent. This does not bring into question the
reliability of f0 itself for ASR; just the methodology. Contrastingly, however, the
performance of phonetic features involving multiple data points, such as shimmer (APQ11),
can indicate that the phonetic feature is unreliable; not the methodology. This is because this
phonetic feature requires ten neighbouring periods to collect data from and vowels may be
too short to do this (especially in text-independent speech). This phonetic feature will likely,

therefore, be deemed too unreliable for real-world use.
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In summation, this data trimming section will prove useful for ensuring the proposed
portfolios for optimised phonetic approaches to ASR can be created whilst also offering
insights into the reliability of the methodology: it will identify which phonetic features will
be most reliable for producing data as well as how different accents and styles can impact the
data extraction processes. It should also be reiterated that, in light of the automation goals of
this thesis for its potential commercial and forensic audiences employing it for ASR
investigations, that all of this trimming has been automated. This ensures fluid, automatic
phonetic analyses for ASR. This also ensures that, in the future, any issues can be diagnosed

and rectified with the present methodology.

4.1. “Undefined” Results by Phonetic Feature

Figure 4 below shows the percentage of “undefined” results, grouped by phonetic feature, for
each corpus. These percentages are calculated from 68,872 tokens of the selected phonemes
for the text-dependent data from Nolan et al.’s (2009) Dy ViS corpus, 125,998 tokens for the
text-independent data from Nolan et al.’s (2009) DyViS corpus, and 106,937 tokens for the

text-independent data from Gold et al.’s (2018) WYRED corpus.
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Figure 4: Percentage of “Undefined” Results per Phonetic Feature
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Firstly, certain phonetic features are consistently successful irrespective of the sociophonetic
variation between the datasets. Some features yielded no “undefined” results for any dataset,
and these are formants 1-3 and intensity. Formant 4 generated the least “undefined” results
beyond this in all datasets: 0.48% in Nolan et al.’s (2009) DyViS text-dependent data, 0.54%
in their text-independent data, and 0.21% in Gold et al.’s (2018) WYRED text-independent
data. All of these features are therefore clear of the 25% threshold; however, beyond this,
only jitter (local) and jitter (local, absolute) clear the threshold in every dataset, with both
measurements generating 16.74% in Nolan et al.’s (2009) DyViS text-dependent data,
19.64% in their text-independent data, and 23.87% and 23.94% respectively in Gold et al.’s

(2018) WYRED data.

Around the 25% threshold is where the datasets begin to differ. f0 is only clear of the 25%
threshold for the DyViS data, generating 21.34% “undefined” results in the text-dependent
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data and 24.14% in the text-independent data. In Gold et al.’s (2018) WYRED data, it
generated 30.75%. The success of this feature is therefore dependent on the sociophonetic

variable of accent.

Additionally, mean harmonics-to-noise ratio and mean autocorrelation only clear the 25%
threshold in Nolan et al.’s (2009) text-dependent data with 14.61% and 16.28% “undefined”
results respectively. In their text-independent data they generate 26.1% and 27.78%
respectively, and in Gold et al.’s (2018) text-independent data they generate 43.96% and
44.83% respectively. The success of these features is therefore dependent on the

sociophonetic variable of style.

The remaining features consistently fail to clear the 25% threshold in any dataset: formant 5,
jitter (RAP), jitter (DDP), jitter (PPQS5), and all shimmer measurements. Thus, from these
results, an overall rank order of extractability is visible: intensity, formants 1-4, and local
measurements of jitter are always extractable, formant 5, larger jitter measurements, and all
shimmer measurements are always unextractable, the success of f0) extraction is subject to
accent, and the success of mean harmonics-to-noise ratio and mean autocorrelation is subject
to style. Breaking it down into phonetic feature groups, however, there are other rank orders
of note here too. The lower formants (formants 1-3) are most effective, followed by formant
4 which is still usable, then formant 5 which is unusable. Local measurements of jitter
performed best and were the only usable jitter measurements. Finally, whilst none of the
shimmer measurements were usable, a rank order still emerged with the local measurements
performing best and the larger measurements getting progressively worse, as seen by

shimmer (APQ11) performing worse than shimmer (APQ5) and shimmer (APQ3) .
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4.2. “Undefined” Results by Phoneme

Now the results are sorted by phoneme. Remembering that all secondary stress conditions
have already been trimmed, it must be stated that a number of further phonemes have been
trimmed because no tokens of these phonemes were produced at all in the selected data.

These are /v/ (no stress), /o/ (no stress), and /a/ (no stress).

This offers a segue to an important fact to highlight: the rest of the phonemes all, expectedly,
vary in frequency of production. This is simply because certain phonemes are more common
than others. To illustrate this, the frequency of successful measurements for each phoneme
can be found in Figure 5 below, and this shows how significant the disparity can be: here, /o/
(no stress) consistently has over 200,000 more associated measurements than any other
vowel, for example. More crucially, these frequency results show that some of these
phonemes generate <15,000 tokens of data which, as discussed above, means they must also
be trimmed to ensure analyses can occur. In all datasets, these are /a/ (no stress), /¢/ (no
stress), and /u/ (no stress). There are no dataset-specific trimmings here, and this is expected:
the datasets are consistent in language and in topic, so the lexical items available and the

phonemes used will be similar, as discussed in the previous chapter.
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Figure 5: Frequency of Successful Measurements per Phoneme
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Turning now to the percentage of “undefined” results with the remaining phonemes, Figure 6
below shows that sociophonetic variables do appear to impact successful data extraction from
vowels; there appears to be more “undefined” results in text-independent data and in West
Yorkshire-accented data particularly. That said, there are trends irrespective of sociophonetic
variables: the best-performing vowel is always /3+/ (primary stress) and the worst-performing
vowel is always /1/ (no stress). As a final note, it should be said that no vowel quality

measures (height; frontness) or stresses predict frequency or success rate.
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Figure 6: Percentage of “Undefined” Results per Phoneme
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4.3. Interactions Between Feature and Vowel

Having now isolated the results by feature and by vowel, a short investigation into the
interactions between feature and vowel can now be conducted. Specifically, the success rate
of each measurement’s extraction will now be looked at on individual vowels; not across all
vowels, as (4.1) did. This will show whether certain features work on specific vowels and not
others, or whether the global trends identified in (4.1) apply at the individual vowel level as

well.

In order to conduct this short investigation, the data from the most and least frequently
produced vowels from (4.2), /o/ (no stress) and /u/ (no stress), has been isolated. As seen
below in Figure 7, the overall trends from (4.1) can indeed be seen in the results for
individual vowels too: for both, the only features that are consistently used are intensity,
formants 1-4, and the local jitter measurements. The only features that are consistently not

used are formant 5, the remaining jitter measurements, and all shimmer measurements. F0 is
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sociophonetically-conditioned by accent and mean harmonics-to-noise ratio and mean

autocorrelation are sociophonetically-conditioned by style.

Figure 7: Percentage of “Undefined” Results per Phonetic Feature for /3/ (No Stress)

and /u/ (No Stress)
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/u/ (No Stress)
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4.4. “Undefined” Results by Speaker

Looking finally at speakers, the “undefined” results expectedly vary by the sociophonetic
variable of style. Looking at the data from Nolan et al.’s (2009) Dy ViS corpus to illustrate
this, in the text-dependent data the frequency of successfully extracted measurements per
speaker is very stable: there is an average of 18,088 tokens per speaker with a very low
standard deviation of 308. This stability is expected because the speakers all produced the
same text-dependent transcript and, as per the design of this experiment to control speaker
variables too, they are all similar in profile. The small variability must still be flagged,

however, because the range is higher than 0 despite all speakers producing the same script.
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This could be due to individual variation, or it could be a result of the potential inaccuracy of

the MFA. How the MFA performed for the different databases is explored in later chapters.

Conversely, in Nolan et al.’s (2009) text-independent data, the frequency of extracted
measurements per speaker is unsurprisingly much more variable than the text-dependent
DyViS dataset: for example, Speaker(90) produced 66,040 tokens whilst Speaker(6)
produced 14,014. This is expectedly variable; the speakers did not all produce the same data
because this data is text-independent. Trends from Gold et al.’s (2018) text-independent data
also support this: Speaker(54) produced 51,792 whilst Speaker(19) produced 15,496.
Speakers simply produce different amounts of tokens of the target phonemes to each other in

text-independent speech.

In terms of successful data extractions, certain speakers produced more tokens that invoked
more “undefined” measurements than others. In the text-dependent data from Nolan et al.’s
(2009) Dy ViS corpus, Speaker(88) produced 32.06% “undefined” results compared to
Speaker(76) who produced 7.47% “undefined” results, for example. Whilst this range is
smaller compared to the features and phonemes, this speaker variation shows that different
speakers still produce tokens of the selected phonemes in more successfully measurable ways
than others; it is evidence of individual variation beyond the sociophonetic level. It cannot be
due to any other shared sociophonetic qualities between certain speakers because the speakers
cannot be grouped in any further way that could predict the success rate of data extraction;
this grouping was already controlled during data selection (3.1). This is therefore individual

variation and could be beneficial to monitor for individual ASR as a result.

That said, the success rate of data extraction with these individual speakers is not predictable
when style varies: different speakers produced the most and least “undefined” results in the

text-dependent and -independent data from Nolan et al.’s (2009) DyViS despite the exact
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same speakers being used. In the text-independent data, Speaker(85) produced 33.97%
“undefined” results compared to Speaker(60) who produced 13.89% “undefined” results. As
discussed above, in the text-dependent data Speaker(88) produced 32.06% “undefined”
results compared to Speaker(76) who produced 7.47% “undefined” results. This indicates that
there are individual factors beyond style that can affect successful data extraction, and this

again may be a window into speaker individuality.

In summary of this chapter, the main differences between the databases lay in the features
that can be successfully extracted: intensity, formants 1-4, jitter (local), and jitter (local,
absolute) were always extractable, but mean harmonics-to-noise ratio and mean
autocorrelation were only extractable in the text-dependent data and f0) was only extractable
in the SSBE data. Beyond this, similar degrees of phoneme and speaker variation were seen
in the databases, but text-dependent and SSBE-accented speech tended to have more

successful data extraction in general.
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5. Variation

Having now filtered out the “undefined” results and investigated the information they offer
regarding the extractability of the phonetic features, phonemes, and speakers, this chapter
now looks at the ASR results and the performance of these phonetic approaches. This
investigation will be split into four main sections: in the first section, the Tippett plots used to
explore these results will be described in detail (5.1). In the second section, the overall
performance of every feature and vowel combined together will be explored to show what
these combinatory phonetic approaches are capable of without any (socio)phonetic tailoring
(5.2). Then, sociophonetic tailoring related to accent and style will be considered to gain
deeper insights into how these combinations work and what the effects of sociophonetic
tailoring are on performance (5.2). The third section will then explore the performance of
individual features (5.3) and the fourth section will explore the performance of individual
phonemes (5.4). The later sections (5.3-5.4) therefore dive deeper into the combinations
identified in (5.2) to gain better insights into what individual phonetic elements are
contributing to performance. The purpose of this chapter is to explore the raw performance of
phonetic approaches. This will set up the final results chapter wherein the optimised

combinations of features and segments for different sociophonetic groups will be explored.

5.1. Tippett Plots

In order to visualise the performance of all of these phonetic features and segments together,
Tippett plots have been used (Meuwly, 2001). These, as Morrison et al. (2021) write, allow
for the probability distributions of same-speaker and different-speaker logio LRs (Likelihood
Ratios) to be visualised together. These should always supplement Cy;- values, which the
following chapter explores. Tippett plots provide rich information about the output of any

recognition system, including the magnitude of the strength of evidence the system is capable
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of producing, the magnitude of the contrary-to-fact results, the extent to which the system is
well calibrated, and the overall validity of the system. In order to explain Tippett plots in
greater detail, Figure 8 will be used which illustrates a well-performing speaker recognition

system from Morrison et al. (2021).

Figure 8: An Example of a Well-Performing Speaker Recognition System from

Morrison et al. (2021)

08} \

0rr \\

06 \
05F

Cumulative Proportion

o ————
- - Lu;;m Likelihood Ratio

In Figure 8, the y-axis represents the cumulative proportion, or the percentage of comparisons
made between speakers. The x-axis represents the comparisons as logio Likelithood Ratios
(LLRs). LLRs were explained in (3.4), but in essence these are calibrated scores representing
every same-speaker (SS) and different-speaker (DS) comparison possible using the feature
measurements as input (3.3). Before explaining the slopes, Table 8 below from Champod and
Evett (2000) will be reviewed which translates these LLRs into verbal descriptions which
ease the interpretation of Tippett plots. Note that their terminology refers to SS evidence as
‘prosecution’ evidence and DS evidence as ‘defence’ evidence. This terminology will be used

hereon to avoid confusion when referring back to Table 8.
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Table 8: Champod and Evett’s (2000) Descriptions of Logio LRs

Evidence Logio LR | Description
4t05 Very Strong Evidence
Support .for 3to4 Strong Evidence
Prosecution
(SS)
2t03 Moderately Strong Evidence
l1to2 Moderate Evidence
Otol Limited Evidence
Neutral 0 Neutral Evidence
0to-1 Limited Evidence
-1to-2 Moderate Evidence
Support for
Defence (DS) .
-2to-3 Moderately Strong Evidence
-3to-4 Strong Evidence
-4 to -5 Very Strong Evidence

Turning back to Figure 8 and the slopes, it will now be explained why this Tippet plot shows
that this system is well-performing. Here, the slope extending to the right (blue) visualises the
cumulative distribution of the SS LLRs whilst the slope extending to the left (red) visualises
the inverse cumulative distribution of DS LLRs. As seen, over 90% of the SS pairs present
support for prosecution by extending to the right of 0 (positive integers). 10% of that is strong
evidence (3 to 4), 20% of that is moderately strong (2 to 3), 30% is moderate, and the
remaining 30% is limited (0 to 1). Conversely, less than 10% of the SS pairs present support
for the defence, extending to the left of 0 (negative integers) and this evidence is only limited

(0 to -1).

128



Looking at the DS pairs, over 90% of these pairs present support for the defence by extending
to the left of 0 (negative integers). 20% of these present strong evidence (-3 to -4), 20%
present moderately strong evidence (-2 to -3), 30% present moderate evidence (-1 to -2), and
20% present limited evidence (0 to -1). Conversely, less than 10% of the DS pairs present
support for the prosecution, extending to the right (positive integers). The majority of this
evidence is limited (0 to 1) at 6%, but 3% is moderate (1 to 2) and 1% is moderately strong (2

to 3).

Overall, this Tippett plot shows that the system performs well for SS and DS comparisons,
with over 90% of the SS and DS pairs supporting the prosecution and defence respectively, as
intended. This supporting evidence also includes strong evidence, and the SS and DS pairs
which do not support the prosecution and defence respectively are minimal and do not
include any strong evidence. Furthermore, as the lines intersect close to 0 on the x-axis, this
shows that the system is well-calibrated between the SS and DS LLRs with no bias towards
SS comparisons, wherein the intersect would be higher than 0 (to the right), or DS

comparisons, wherein the intersect would be lower than 0 (to the left).

5.2. Overall Performance of Combinatory Phonetic Approaches

Having now explained Tippett plots, the data from this thesis will be analysed using them. In
the following graphs, the line extending to the right that visualises the cumulative distribution
of the SS LLRs is now red (this was blue above) whilst the line extending to the left that

visualises the inverse cumulative distribution of DS LLRs is black (this was red above).

Figure 9 below presents the results from combining all possible data irrespective of feature,
vowel, or sociophonetic group. This was done using the test, background, and calibration
speakers from all 3 datasets, following the methodology in (3.4). This graph will now be

interpreted just like the example above. Looking first at the SS LLRs (the red line), only
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around 56% of the comparisons present support for the prosecution (extending to the right).
Of this, only roughly 20% can even be considered moderate evidence (1 to 2); the rest is all
considered limited evidence (0 to 1). A high 44% of comparisons presents problematic
support for the defence (extending to the left), of which some extends to moderately strong
evidence (-2 to -3). Turning now to the DS LLRs (the black line), only 56% of the
comparisons present support for the defence here (extending to the left), though some of this
is very strong evidence (-4 to -5). That said, 44% of the comparisons therefore presents
problematic support for the prosecution (extending to the right), and some of this extends as
far as moderately strong (-2 to -3). Therefore, this Tippett plot shows an overall poor
performance due to the high frequency of contradictory evidence for both the prosecution and
defence. However, it at least appears well-calibrated as the lines intersect at 0; there is no

evident bias towards either the SS or DS comparisons.

Figure 9: Performance of All Phonetic Features and Segments Combined from All

Databases

Turning now to Figure 10, this calibrated system includes all features and phonemes but only

for one sociophonetically-controlled database, here the text-dependent database from DyViS.
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Firstly, some bias towards the DS comparisons may be present: the curves intersect at -2 and
not 0. Turning to the SS LLRs, this means that around 80% of comparisons show support for
the prosecution. This is much better than the previous system without any sociophonetic
tailoring. Of this evidence, some was extremely strong, going as high as +18 (far exceeding
Champod and Evett’s (2000) scale). The 20% showing problematic support for the defence
only ever extended as far as being limited evidence (0 to -1). Due to the bias towards the
defence, around 95% of comparisons for the DS LLRs showed support for the defence, and
again this evidence was extremely strong with the highest going to -24. This, again, is much
better than the prior system. Of the 5% showing problematic support for the prosecution,
some of this was extremely strong and extended to +9. This overall shows that the
combinatory performance of all phonetic features in the text-dependent database from DyViS
is strong, but with minor bias towards the defence that hampers balanced performance. What
is most important here, however, is how much stronger this is compared to the previous
approach: more SS comparisons support the prosecution, more DS comparisons support the
defence, and the strength of evidence from these comparisons is overall much stronger.

Sociophonetic tailoring appears to improve performance.
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Figure 10: Performance of All Phonetic Features and Segments Combined for DyViS

(TD)

LLR

Compare this, however, to the performance of the system using the text-independent database
from DyViS in Figure 11 below. There is a minor bias towards the prosecution with the lines
intersecting around 1, but looking at the SS LLRs, 97% shows support for the prosecution
with some evidence extending as far as +10, presenting extremely strong evidence. The
limited 3% of problematic support towards the defence only extends as far as moderate
evidence. Turning to the DS LLRs, 95% showed support towards the defence and some of
this extended as far as -24, again showing extremely strong support. However, the limited
evidence problematically supporting the prosecution extended as far as +5, showing very
strong evidence. Despite this small bias towards the prosecution, this is a much more
balanced and better-performing approach; phonetic approaches thus far appear better-suited
to text-independent data, contrary to the historic movement away from phonetic approaches
seen in earlier chapters. This shows that style is a sociophonetic variable that can affect

performance.
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Figure 11: Performance of All Phonetic Features and Segments Combined for DyViS

(TD)

LLR

Turning finally to the text-independent database results from WYRED in Figure 12 below,
these are mostly similar to those seen in the DyViS text-independent database. There is again
a minor bias towards the prosecution as the intersection of the lines is at around 1. Looking at
the SS LLRs, this is again very strong with around 97% showing support for the prosecution
and some of this evidence is extremely strong, extending as far as +15; better than that seen
for the SSBE text-independent speech. That said, however, for the DS LLRs performance is
slightly worse with around 88% showing support for the defence. Some of this evidence is
extremely strong, extending as far as -18, but of the 12% showing problematic support for the
prosecution, some of this is very strong at +10. Thus, this is still a well-performing system,
but with notable biases towards the prosecution. As the SSBE text-independent dataset
performed better than the West Yorkshire text-independent dataset, accent therefore appears

to affect performance, again showing that sociophonetic information is important.
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Figure 12: Performance of All Phonetic Features and Segments Combined for WYRED

(TD)

In summary: of the two text-independent databases, performance was better for the SSBE
accents than the West Yorkshire accents, though both showed minor bias towards the
prosecution. Text-independent speech performed noticeably better than the text-dependent
speech, and all of the sociophonetically-tailored approaches greatly outperformed the
approach where sociophonetic variables (accent and style) were not considered; this system

performed particularly badly.

5.3. Individual Feature Performance

The previous section indicated that phonetic approaches can be powerful when sociophonetic
variables are tailored towards. Now, the individual performance of some of the selected
phonetic features that made up those combinations will be isolated and explored in each
database. This allows for a deeper dive into the above results and how the features

contributing to them behave.

Turning first to intensity, Figure 13 below shows no biases towards the prosecution or

defence; they intersect at 0 for all databases and therefore produced well-calibrated results,
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unlike the above combinations of all features. That said, these individual feature analyses do
not outperform the combinations above: for each, only 70-75% of the SS and DS
comparisons support the prosecution and defence respectively. There is notably stronger
evidence both ways for the text-dependent speech from DyViS, however, extending as far as

+/-10. This feature may therefore be affected by style and is more effective with text-

dependent speech.

Figure 13: Intensity Performance

DyViS (TD) DyViS (TI) WYRED (TI)

Next, F1 and F2 will be reviewed together as the lower formants in Figure 14 below. Firstly,
F1 appears to perform worst in the text-independent database from DyViS. The LLRs for all
databases are well-calibrated with intersects at 0 and performance is always mediocre, shown
through only 63% of SS and DS comparisons supporting the prosecution and defence
respectively. However, the DS LLRs from the text-independent database from DyViS have
stronger contrary evidence problematically supporting the prosecution (-5) and the SS LLRs
have stronger contrary evidence problematically supporting the defence (+4.5). By contrast,
the strength of contrary problematic evidence only extends as far as +/-1 in the other

databases. Of other interest, F2 is typically performing worse than F1 in all databases, with
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only 50% of SS and DS comparisons ever supporting the prosecution and defence

respectively.

Figure 14: Lower Formant Performance
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Next, F3 and F4 will be reviewed together as the higher formants in Figure 15 below. For all

databases, F3 performed much better than the lower formants. This is because, for all

databases, over 75% of the SS and DS comparisons support the prosecution and defence

respectively. F4, however, is the best performing formant overall: roughly 77-80% of the SS

and DS comparisons support the prosecution and defence respectively. For both higher
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formants, SS and DS evidence supporting the prosecution and defence respectively can

extend as far +/-10, exhibiting extremely strong evidence, but some DS evidence

problematically supports the prosecution very strongly (+5).

Figure 15: Higher Formant Performance
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The final features of interest to discuss are the mean value measurements in Figure 16 below:

mean harmonics-to-noise ratio and mean autocorrelation. These only appeared in the text-

dependent database for DyViS and performance can be seen in Figure 16 below. The main

point to flag here is that performance is poor: only 50% of the SS and DS comparisons
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support the prosecution and defence respectively, and none of this evidence exceeds

moderate strength (2).

Figure 16: Mean Measurement Performances from DyViS (TD)
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5.4. Individual Segment Performance

Now, the individual performances of each phoneme per database, including all features, will

be explored. Generally, performance for the vowels is very consistent across the databases,

but some specific vowels are worthy of more detailed discussion here.

The first of these to discuss is /o/. As seen in Figure 17 below, 88-85% of SS and DS

comparisons support the prosecution and defence respectively; this is the best performing

vowel in that respect. However, of note is that of the DS evidence problematically supporting

the prosecution, some goes as far as being extremely strong (+10). This is true for this vowel

in every database, as seen. This shows that sociophonetic variables do not affect the

performance of some vowels.
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Figure 17: /3/ Performance
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Building off of this, three other vowels show a similar trend wherein they mostly perform

well for SS and DS comparisons supporting the prosecution and defence respectively,

averaging around 88%, but also show evidence of strong contrasting problematic evidence.

These are /¢/, /1/, and /i/. These have been shown below in Figure 18. Also of note is that,

generally, the text-independent datasets are outperforming the text-dependent dataset here,

and of these text-independent databases DyViS is outperforming WYRED as the DS

comparisons problematically supporting the prosecution in WYRED extend as far as

extremely strong (+15). This shows, contrastingly, that some vowels are affected by

sociophonetic variables.
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Figure 18: Additional Vowel Performances with Strong False Rejections in Same-

Speaker Comparisons
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Conversely, /o/ (no stress) and /3-/ (primary stress) are other vowels displaying strong

performance on average, yielding around 88% of SS and DS comparisons supporting the

prosecution and defence respectively, yet extremely strong DS evidence problematically

supporting the prosecution (+10-20). This is seen in Figure 19 below. This is particularly true

of /3+/ (primary stress) where the DS evidence problematically supporting the prosecution is

stronger. This vowel exhibits the worst different-speaker comparison performance as a result.
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Figure 19: /3/ (No Stress) and /3/ (Primary Stress) Performance
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The final vowels of particular note are the close back vowels /u/ and /u/. These vowels
performed the worst for a variety of reasons, as seen in Figure 20 below: both vowels show
roughly only 75% of SS and DS comparisons supporting the prosecution and defence
respectively; the worst performance of the vowels. Most notably, for /u/ (primary stress), this
performed especially badly for the text-dependent data from DyViS: the SS comparisons

problematically supporting the prosecution is moderately strong, but the DS comparisons

problematically supporting the prosecution are stronger (+60).
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Figure 20: Close Back Vowel Performances
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6. Portfolios

Having now trimmed non-numerical data, explored the performance of the datasets with
Tippett plots, and observed individual feature and segment performances, portfolios will now
be built which test different combinations of phonetic features and vowels to identify which
are outright best for ASR tasks for the different datasets. More specifically, different
combinations of features will now be tested for each phoneme for each style and accent,
following this thesis’ applicable and repeatable methodology for identifying novel,
phonetically-informed approaches to ASR. This chapter will overview these portfolios, but
detailed descriptions of each of them can be found in Appendix A. Those descriptions serve
as a reference guide for the portfolios which future researchers may wish to employ,
replicate, or update. This chapter will be structured as follows: in (6.1), the overarching
scores and the importance of sociophonetic specificity will be established using Cy;- values
that link to the Tippett plots in (5.2). In (6.2), the importance of each individual feature will
be explored using Cy;- values and the ‘top down’ approach discussed in (3.4). Finally, the
importance of vowel-specificity will also be explored using Cy;- values and this ‘top down’
approach (6.3). After this, the portfolios of features per vowel, per sociophonetic group will

be summarised from Appendix A (6.3).

6.1. The Importance of Sociophonetic Specificity

The overarching Cy,- values were calculated for the Tippett plots seen in (5.2). These can be
found in Table 9 below. As a summation of the above discussions regarding Cj;, scores closer
to 0 are stronger, and those closer to 1 are worse. As seen, the overall combination of all data
from all three corpora was 1.05. Whilst this performance is very poor, this still serves as a
benchmark which the (socio)phonetic features and phonemes can be compared to as a metric

for what effects they have on performance. As seen, all three sociophonetically-tailored
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systems outperform this significantly. On top of this, the text-independent speech
outperforms the text-dependent speech, showing style as having an impact on performance,
and of these text-independent scores the SSBE database performs best, showing that accent
has an impact on performance too. This, overall, shows that sociophonetic tailoring is

important to ASR performance.

Table 9: Overall and Baseline Cy;- Value Deviations

Full Combination 1.05
DyViS (TD) 0.32
DyVisS (TD) 0.15

WYRED (TI) 0.23

6.2. The Importance of Individual Features

From here, the individual feature performances will be assessed using the top-down approach
discussed in section 3.4. As a recap, the performance of each feature will be isolated by
removing each feature one at a time and charting the effect its removal has on the scores
above. This will be done for each individual database. The results in Figure 21 below
visualise these changes in performance as deviations from the above baselines: reductions in
score mean the approaches perform better without those features, so these features should be
removed. Increases in score mean the approaches perform worse without those features.

These are the features that need to be retained.
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Figure 21: Average Cy Value Deviations Per Feature, Per Database
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As seen, all features related to non-modal voicing, and those that also proved most difficult to
extract in chapter 4, are overall the worst performing on average: mean autocorrelation, mean
harmonics-to-noise ratio, jitter (local), and jitter (local, absolute). It could be argued that this
is simply a reflection of data insufficiency: of the features that met the thresholds established
in Chapter 4, these features were hardest to extract still. However, f0 also proved difficult to
extract in Chapter 4 yet, in the databases it was extractable in, it proved integral to
performance. The poor performance of these features could therefore relate to the fact that

they all measure the same thing: non-modal voicing features. Beyond this, it is notable that
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F3, F4, and intensity are the only features that are always useful irrespective of sociophonetic
tailoring, but they are useful to different degrees: formant 4 proves best in the text-
independent database from DyViS, formant 3 proves best in the text-independent database
from WYRED, and intensity proves best in the text-dependent database from DyViS. This
reflects the findings from the Tippett plots found in (5.2). Thus, whilst it can be claimed that
some features proved universally useful, they still exhibit different degrees of importance
depending on the sociophonetic variables of style and accent. Some features, however,
demonstrate the need of sociophonetic-tailoring more clearly: F1 does not perform well in the
text-independent data from DyViS and F2 does not perform well in the text-independent data

from WYRED.

6.3. Combining Phonetic Features, Vowel Specificity, and Sociophonetic Tailoring

From here, vowel-specific combinations were tested. First, system performance when all of
the features are combined together was calculated for each individual vowel level for each
database. These ‘raw’ performances can be found in Appendix A. From these analyses,
optimised portfolios of features were calculated using the ‘top-down’ method discussed
above. These ‘optimised’ combinations are composed solely of the features that, if removed
for that given vowel, worsened performance. The features that improved performance when
removed, were removed. Figure 22 below summarises the ‘optimised’ combinations per
vowel, per sociophonetically-tailored database. Information about what composes these
‘optimised’ combinations can also be found in Appendix A. Note, however, that a ‘best’
combination has also been included. This proved an important inclusion: the ‘raw’ score is
before any features are removed, the ‘optimised’ score is a score composed of only the
features that perform well when isolated, but the ‘best’ score is simply the best Cy,- value
recorded at all. This has been included because the ‘best’ score was not always the
‘optimised’ score; the ‘best’ score was, occasionally, simply found through the removal of
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one specific feature. Sometimes, as seen, optimisation could even worsen performance.
Information about what composes these ‘best” combinations can also be found in Appendix

A.

Figure 22: Vowel-Specific Raw, Optimised, and Best Cy Values per Database
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DyViS (Text-Independent)
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Though there is no consistent rank order, some notable trends in these graphs include the

unanimous poor performance of the back vowels, as also seen in the Tippett plots from (5.3),
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and the strong performance of /o/, also seen in (5.3). These findings also reflect the frequency
of token findings from (4.2): the back vowels were amongst the least frequent, and /o/ was
most frequent. This indicates a rather simple finding: more data may therefore correlate to

better performance. Such trends will be discussed in much more detail in the coming chapter.

Most crucially, no vowel-specific ‘raw’, ‘optimised’, or ‘best’ combination actually
outperformed the all-vowel, all-feature combinations for each database. For reference, these
were 0.32 for the text-dependent data from DyViS, 0.15 for the text-independent data from
DyViS, and 0.21 for the text-independent data from WYRED. Thus, this chapter shows that
vowel-specificity can be tailored towards and feature combinations can be optimised, but it
may actually be harmful to do so; tailoring all of the approaches together to different
sociophonetic variables (without trimming any extractable features and vowels) appears to
be, overall, the most important consideration for best performance. This conclusion is further
supported by the fact that the worst score seen was when all databases were considered

together without any sociophonetic specificity (1.05).
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7. Discussion

The previous three chapters explored the “undefined” results, the feature and segment
performance variation, and how these features can be combined and optimised for different
vowels produced by different sociophonetic groups. Now, these results must all be tied
together in light of this thesis’ goals: to explore the place of novel, combinatory,
phonetically-informed approaches for ASR. This chapter synthesises and breaks these results
down more in-depth to isolate what they say about the effectiveness of phonetic approaches
to ASR both overall and on a feature-by-feature, vowel-by-vowel, and sociophonetic group-
by-group basis. It then uses these breakdowns to comment on current approaches to ASR.
This also leads to discussions concerning how the work of this thesis can be carried forward
for future ASR tasks and how the approaches identified here can be improved further.
Throughout the chapter, some discussions are also included concerning the potential
effectiveness of this work for ASR applications. In particular, this chapter ends with an
example fusion of the best phonetic approaches found in this thesis with an off-the-shelf ASR
system. Using the datasets from this thesis, it shows that such fusions are possible, and that

they do not hamper the performance of these ASR systems.

7.1. The Performance of (Socio)Phonetic Approaches and Considerations

In the preliminary chapters, it was broadly evidenced that acoustic phonetic features should
prove usable for ASR. This chapter is first concerned with the research question established
in (2.6): “To what extent do explainable, acoustic-phonetic approaches provide useful
information for ASR?’ This research question aligns with the goals of this thesis to explore
the use of phonetic approaches for ASR. The phonetic approaches explored in (2.2-2.5), from
the features to the vowels, were all established as explainable; thus, the purpose of this

section is to establish whether these explainable approaches are, at all, viable (performance-
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wise) for use in ASR tasks. A potential application of such findings, as discussed across the
earlier chapters, is that they could add an additional element of explainability to ASR systems
in the future. In order to explore this broadly, Table 9 has been included again below. This
table recaps the full combination Cy; value (all databases) and the Cy- values for the
individual, sociophonetically-controlled databases. The individual features and segments are

considered separately later; here, they are all included together.

Table 9: Overall and Baseline Cy- Value Deviations

Full Combination 1.05
DyViS (TD) 0.32
DyViS (TI) 0.15

WYRED (TI) 0.23

Firstly, as mentioned in (6.1), the full combination condition generated the worst Cy; value
across all conditions tested in this thesis. This is the only system tested prior to factoring in
any phonetically-informed nuance: all features, segments, and sociophonetically-distinct data
were included together. This potentially challenges the stance of this thesis that phonetic
approaches can be useful for ASR as this score, consisting of every tested phonetic approach
in this thesis, is worse than any other score reported in this thesis. As this score even exceeds
1, this indicates that the system cannot be based on any useful information at all for ASR, as

per Morrison et al.’s (2021) overview of the Cy; metric.

That said, the best scores out of all of those reported in this thesis were generated when one
actively tailors towards the sociophonetic variables of accent and style but still combines
every phonetic feature and segment together, as discussed in (6.1). This actively supports the

central sentiment of the thesis: approaches devised entirely of phonetic features and

152



phonemes, yet actively tailored to different sociophonetically-controlled groups, have
performed best for ASR. This finding importantly shows that the sociophonetic variables of
accent and style are critical to ASR performance: when they were not considered, as seen in
the full combination discussed above, performance decreased drastically. The improvement
in performance when including sociophonetic information is also reflected in the lower

intersections seen in the Tippett plots in (5.2).

It should also be emphasised here, however, that different sociophonetic groups perform
differently to each other, with the system based on the text-independent SSBE dataset
performing best (0.15). This means that sociophonetic information, whilst the most important
consideration for ASR performance, also affects performance. The bias towards text-
independence is surprising, given the historical issues that have faced phonetic approaches to
ASR covered in (2.1), but the bias towards SSBE over non-standard varieties like West
Yorkshire English is less surprising given the biases towards prestige varieties discussed

throughout (2-3).

It must also be emphasised that combining all of the phonetic features and vowels together
for a given sociophonetic group generated better scores than any vowel-specific, optimised-
feature combination generated for any database, as seen in (6.3). Thus, only considering
sociophonetic variation, not segmental variation or feature optimisation, generated the best
performances seen. The fact that tailoring to segment and feature was found to generate
worse scores directly challenges the literature concerning vowels in (2.3) concerned with the
differing performances of different vowels. However, this literature is still supported to an
extent by the fact that the best-performing combinations were still employing phonetic
segments, specifically vowels; they were just employing all of them without any
specification. Moreover, the fact that all of the most successful combinations employ every

extractable phonetic feature tested supports the literature concerning the use of all of these
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features for ASR. This is because, combined together, they have generated the best
performances seen in this thesis. From these broad results, it can be summarised that the most
important phonetic consideration for ASR is sociophonetic variation: feature- and segment-
specificity can have effects, as the rest of this chapter shows, but it is never more important
than sociophonetic-specificity. For the features and segments, all that matters is that they are

extractable, as per the findings of (4.1-4.4).

The effectiveness of the best phonetically-informed approaches to ASR found in Table 9
above can also be exemplified, to some extent, by comparing these Cy; values to those from a
modern ASR system. The best portfolio here is from the all-feature, all-vowel system tested
on the text-independent DyViS database which generated the best score of 0.15. This score is
notably lower than some of those reported in modern ASR performance research, such as
Basu et al.’s (2022) recent work that found the best score of a modern ASR system, E3FS3,
to be 0.21. However, there are multiple caveats to this conclusion: firstly, most of the
reported portfolios in this thesis scored higher than 0.21. In fact, all portfolios related to text-
dependent speech and West Yorkshire accents were. Secondly, this may not be a fair
comparison to make: Basu et al.’s (2022) data was more forensically diverse. The data used
in this thesis was high quality, single session, and channel-matched; it was therefore
predisposed to perform better, even though it was text-independent. However, this invites a
more thorough examination of how these phonetic approaches could work for ASR in the
future. Nonetheless, this score comparison still indicates that phonetic approaches to ASR
may prove useful for ASR, and future work could integrate the best portfolios here into a pre-
existing ASR system; after all, the 3 best portfolios reported above are close to 0.21. The
final sections of this chapter explore this: it fuses these portfolios with an off-the-shelf ASR
system to show that they can be successfully added as additional, explainable elements to

ASR systems without affecting performance.
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This section has offered a generalised image of the effectiveness of phonetic approaches to
ASR and shown that sociophonetic information is the most important considered for
performance. From a practical perspective only, this is the key finding of this thesis. Now, the
effectiveness of the individual phonetic approaches, starting with each phonetic feature, will
be explored in more detail to understand more about their behaviours in ASR tasks. This is
done despite the fact that feature- and vowel-specificity was found to hamper performance; it
is therefore a scientific investigation into why, exactly, feature- and vowel-specificity can

hamper performance.

7.2. The Performance of Individual Phonetic Features

In this section, it will be shown that some of the individual phonetic features can have a more
specific positive effect on Cy, values (despite, overarchingly, all features being needed to
achieve the best performances seen above). Of the features that were carried forward for
extraction after the feature trimming reported in (4.1), only f0, intensity, and some of the
formants independently improved the vowel-specific scores. Mean harmonics-to-noise ratio,
mean autocorrelation, and jitter will all be shown to be detrimental to these vowel-specific

SCOores.

It must be acknowledged, however, that these results only show phonetic approaches
improving upon a baseline of solely phonetic approaches; not commonplace ASR features
like MFCCs. This can form the basis for future work. Also, the focus will primarily be on the
phonetic features but vowels, sociophonetic variables, and methodological concerns will be
discussed in this section too as they arise. These will, however, be discussed in much more
detail in the later sections of this chapter. Table 10 below shows the average effect that
removing each feature has on the Cy, values for each database’s vowels. This table will guide

the following sections.
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Table 10: Average Cy- Value Deviations Per Feature, Per Database

DyViS (TD) DyViS (TI) WYRED (TI)
Intensity (+0.053) 0 (+0.09) Formant 3 (+0.083)
Formant 4 (+0.046) Formant 4 (+0.088) Formant 4 (+0.08)

f0(+0.031) Intensity (+0.042) Intensity (+0.034)

Formant 1 (+0.013)

Formant 2 (+0.03)

Formant 1 (+0.033)

Formant 2 (+0.012)

Formant 3 (+0.023)

Formant 2 (-0.001)

Formant 3 (+0.007)

Jitter (Local) (-0.001)

Jitter (Local) (-0.004)

Mean Harmonics-To-Noise

Ratio (-0.001)

Jitter (Local, Absolute) (-

0.005)

Mean Autocorrelation (-

0.005)

Jitter (Local, Absolute) (-

0.006)

Jitter (Local) (-0.008)

7.2.1. The Efficacy of f0

Formant 1 (-0.014)

Jitter (Local, Absolute) (-

0.004)

Firstly, it was summarised in chapter 2 that f0) should prove effective for ASR. On the basis

of Table 10 above, this claim has been supported to an extent: synthesising all of the portfolio

testing from chapter 6, f0 proves useful for ASR in every database it is included in. This is

because removing it, on average, always increases the score; it is therefore integral to
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performance. Based on modern ASR systems and speaker recognition studies reviewed in
(2.5.1), this is to be expected: Zhu et al. (2009) found that including f0) measurements in an
ASR system improved recognition rate by 5%, for example. Its effectiveness for ASR can be
further exemplified by the fact it is always included in every vowel portfolio in Appendix A
for the text-independent DyViS database and every vowel portfolio for the text-dependent
DyViS database except for /o/ (no stress), /e/ (primary stress), /1/ (primary stress), and /i/ (no

stress).

Turning to these problematised vowels as a first insight into the problems with f0), however,
their weaker performances may relate to the fact that these vowels generally appear to
perform worse for SS comparisons in the Tippett plots from (5.3). The reason this only
occurs for text-dependent speech may be due to the higher variability seen between text-
dependent tokens of these vowels resulting from suprasegmental pitch effects. These four
vowels are amongst the most commonly produced in this dataset, as reported in (4.2), and are
therefore more likely to occur in many more different contexts. More specifically, they are
more likely to occur in different positions in utterances with different pitch contours.
Exploring Speaker(21)’s data as an example, one can compare the two /o/ (no stress) tokens
in “Police announced last night that they have arrested one of two men...”. These occur first
in the word-initial “Police” and later in the preposition “of”. This is a declarative statement
and these generally have more pronounced descending pitch contours in text-dependent
speech than in text-independent speech, as Malyuga et al. (2017) write. This is why the first
token of /o/ (no stress) here has one of the highest recorded f) measurements at 182.81Hz and
the latter has the lowest recorded f0 at 113.92Hz. This shows how more common vowels can
occur in more varied contexts which are affected differently by suprasegmental pitch effects.

This may account for the worse SS-comparison performance of f0) on these vowels in text-
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dependent speech, and this imbalanced performance between SS- and DS-comparisons

accounts for its weaker performance.

Whilst taking this into account, these results still show that f) can be effective for ASR; it just
has to be used appropriately. Whilst this vowel-specific issue problematises the full
effectiveness of this feature for ASR in text-dependent data, it in turn shows that there may
actually be rank orders in vowel performance: when it comes to using f0) for ASR tasks with
SSBE speakers producing text-dependent speech, /o/, /¢/, /1/, and /i/ rank at the bottom. This
supports claims from (2.3) that some vowels perform better than others to an extent: a rank
order of vowels has emerged, but these worst vowels are not the same as those that performed
worst in Paliwal’s (1984) study. This further justifies the critiques of Paliwal’s (1984) study
discussed in (2.3). Whilst these problems have been identified, it should be reiterated that
(7.1) has already been shown that one does not need to tailor towards different vowels
anyway; these differing vowel-specific performances are therefore ultimately unimportant to

the practical use of f0) in ASR.

Moving from vowels to sociophonetics, these f0 results further show that speech styles should
be tailored towards. More specifically, whilst f0) proved useful to both styles in SSBE speech,
f0 performed much better in text-independent speech; in fact, it was the most integral
phonetic feature overall to performance in this database, as Table 10 shows above. This

indicates that accent must be important to consider in ASR.

Though seeming effective when usable, the biggest issue with f0 is that its extraction was not
found to be viable for the WYRED database in (4.1). This further supports the importance of
tailoring to accent given that f0) has proven non-viable for ASR tasks with West Y orkshire
accents. Even for DyViS, however, this feature was found to have the most “undefined”

results in chapter 4 without becoming unusable. This also indicates that feature-specificity is
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important to phonetic approaches to ASR, but only for extractability. Simply put: if they are

extractable, they should be used, as (7.1) discussed.

The bigger issue here, however, is the implications of this extractability issue for the
reliability of this thesis’ methodology. Given that f0) should always be extractable if the
speech analysed is voiced, as discussed in (3.2), the high frequency of “undefined” results
indicates that unvoiced sections must have been analysed when taking measurements from
the theoretically voiced vowels. There must have therefore been an issue with earlier stages
of the methodology, specifically forced alignment and the demarcation of the voiced vowel
boundaries. Boersma and Weenink’s (2023) Praat cannot be responsible: this software will
always take a successful fi) measurement as long as it’s from a voiced section, and it did so
successfully when the section was voiced. The corpora are somewhat responsible: vowels
were sometimes not produced in the original recordings due to co-articulation effects and
accent variation which will be discussed in later sections. However, these issues have mainly
emerged from unvoiced sections being included in the aligned boundaries of the selected
vowels. These issues with forced alignment will be exemplified and elaborated on later in this
chapter when the methodological concerns surrounding forced alignment, and how the
effectiveness of phonetic approaches has been impeded by these issues, will be the focus of a

full section.

7.2.2. The Efficacy of Intensity

(2.5.2) also established that intensity should prove effective for ASR. On the basis of these
results, this claim has been supported with more confidence than that seen for f0. This is
because, for all three databases, intensity always increased the score when removed, as seen
in Table 10 above. It is therefore integral to performance irrespective of speaker accent or

style. It is present in the majority of the best-performing vowel portfolios from every dataset

159



seen in Appendix A. All of this shows that intensity behaves more reliably across different

vowels and sociophonetic groups than f0 did in (7.2.1).

That said, this inadvertently challenges claims concerning the importance of sociophonetic
tailoring: as it always performs well, this instead suggests that sociophonetic variables like
accent and style are unimportant to consider when using certain phonetic features, here
intensity, because they will always work. That said, intensity was not of equal importance to
each database: it was more important to performance in the text-dependent speech than the
text-independent speech, and it was more important to performance in SSBE-accented speech
than West Yorkshire-accented speech for ASR performance. This is also visualised in the
Tippett plots in (5.3). This therefore, still supports claims concerning the importance of

sociophonetic tailoring.

The success of intensity in ASR is predictable as it has been seen before in ASR studies: Jia
et al. (2021) employed it alongside formants to create a system both faster and more reliable
than modern ASR systems. Whilst this thesis’ results support Jia et al.’s (2021) claim that
intensity can be used reliably, this thesis does not show that intensity can be used quickly for
ASR. This is because the processing time behind the results of this thesis was >2 hours.
Speed will be discussed later in this chapter as another methodological concern that hinders
the hypothetical performance of phonetically-informed ASR approaches for future ASR

applications.

Overall, the success and presence of intensity in the portfolios is clear support for the
effectiveness of this approach. However, the conditions of this thesis mean its effectiveness
cannot be fully verified, especially for forensic purposes. In the present experiments, session
variability was not tested. This is a confounding variable already known to affect intensity

from chapter 3: microphone distance can change between sessions and this can affect the
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intensity of a given recording, as Titze and Winholtz (1993) found, and the emotion in one’s
speech can change between sessions and can affect intensity, as Pfitzinger and Kaernbach
(2008) found. Variation along these axes was not tested here; thus, the evidence for the
effectiveness of this phonetic approach here is based on recordings wherein intensity is
consistent. This is also likely why it was reported in (5.3) that intensity performed best with
the text-dependent data: it is the most controlled. Further testing of session variability with
the same speakers and styles of speech is therefore required to understand just how effective
intensity is; what this thesis shows, however, is that in controlled environments it has the
capacity to be effective. Whether it can be reliably used in forensic casework, where these

confounding variables are expected to be present, must be tested further.

7.2.3. The Efficacy of Formants

Moving on to formants, (2.5.3) stated that formants should prove effective for ASR, but this
has only been supported to an extent. In navigating this discussion of formants, the higher

formants will be discussed first for ease of structured discussion.

Starting with the highest formant explored in this thesis, F5, the effectiveness of this formant
cannot be supported by this thesis because it generated too many “undefined” results in all
corpora tested in (4.1). This reflects an overall trend that emerged concerning the
extractability of formants: the higher formants had less successful data extraction than the
lower formants. All formants lower than F5 were viable for use, but F4 generated more
“undefined” results than F3, which generated more “undefined” results than F2, which in turn
generated more “undefined” results than F1. This is predictable: in Derdemezis et al.’s (2016)
study cited in earlier chapters, they found that the higher formants tended to be the most
unreliable measurements to extract given that they have weak energy or energy outside the

used spectrogram range. In forensic recordings, it may also be that the sampling rate is too
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low for F5 to be represented in the recording in any case, as discussed in (2.5.3). They
suggest that a fix for this may be to increase the dynamic range of the spectrogram in
Boersma and Weenink’s (2023) Praat to view higher energies, but this may have detrimental
effects on other features, as also discussed in (2.5.3). Thus, F5 had to be omitted. This
challenges claims concerning the efficacy of higher formants for ASR: the highest formant

tested could not even be considered viable for use in ASR tasks.

On the contrary, F4 was always extractable and, as seen in Table 10 above, always the
second-most effective feature for ASR irrespective of any sociophonetic variables. It also
appears in the majority of vowel portfolios created in chapter 6 and it captures intra- and
inter-speaker variation well, as seen in the Tippett plots from (5.3); its performance is

therefore strong in both core ASR tasks.

The effectiveness of F4 for ASR is expected: as Lammert and Narayanan (2015) found, the
higher formants are less related to the articulations involved in vowel production and more
related to vocal tract length which is much more unique to a given speaker. Thus, the
individual differences between speakers should be most visible with higher formants than the
lower formants which capture more vowel articulation and co-articulation information. The

results of this thesis reflect this conclusion, given the overall efficacy of F4.

These consistently good results, however, again challenge claims for the need for
sociophonetic specificity. F4 has proven useful irrespective of style or accent, and as a result
shows that another phonetic feature may not need to be sociophonetically-tailored in any way

because some will always perform well.

Moving down to the lower formants, these were again always extractable. As seen in Table
10 above, F3 always proves effective for ASR irrespective of accent or style. However, it

performs noticeably better in West Yorkshire accents: in SSBE text-independent speech, F2
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actually outperforms F3, and in SSBE text-dependent speech, F1 does as well. The reason for
F3’s success with West Yorkshire-accented speech appears to relate to how it performs
equally well in the same-speaker and different-speaker comparisons in this database. The
results from (5.3) show this: in the WYRED database, F1 and F2 performed as well as F3 did
in DyViS when capturing inter-speaker variation. However, in DyViS, F1 and F2 did not
perform well for capturing intra-speaker variation reliably. This is likely due to ongoing
language change that is affecting F1 and F2 that will be discussed momentarily. F3, on the
other hand, performed well in both tasks for WYRED, outperforming the lower formants in
intra-speaker variation. This is likely due to greater stability in West Yorkshire accents; no
such ongoing language change was occurring at the time of recording. Thus, it is this
balanced performance between two ASR tasks that lead it to perform as well as it does in this
database. This variation in performance between accents supports claims for sociophonetic

tailoring in ASR.

Looking next at F2 in Table 10, this was always extractable but proved most useful for SSBE
accents. For West Yorkshire accents, F2 measurements were actually detrimental to
performance overall. This challenges claims concerning the efficacy of formants but, in turn,
supports claims concerning the importance of sociophonetics: SSBE has proven more

responsive than West Yorkshire accents to the use of F2 in ASR.

It was expected that F2 would perform better in SSBE accents because F2 maps onto vowel
fronting, as discussed in chapter 2. This is particularly important to SSBE because de Jong et
al. (2007) found, using DyViS data as well, that /u/ and /u/ showed high variability in F2 due
to a sociophonetic change in progress affecting SSBE: these vowels are becoming more
fronted. It is a change not all speakers have adopted yet and are not using consistently, but it
1s diffusing through this sociophonetic group. As a result of this, F2 will not prove as reliable
for same-speaker comparisons in this database due to this higher intra-speaker variation. This
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conclusion is supported by the above data: in (5.3), F2 performed worse for same-speaker
comparisons in the DyViS databases than the WYRED database where no such ongoing
language change is occurring. Simply put, if SSBE speakers are still adopting it, they will
therefore not be using it in all applicable contexts yet. This means that their productions may

be more variable as a result, affecting the reliability of F2 for ASR.

This language change, expectedly, affects the efficacy of F2 for /u/ and /u/ in particular in the
results collected from the DyViS databases. Whilst the inter-speaker variation is captured
well in these vowels’ results from (5.4), the high intra-speaker variation also seen for these
vowels in (5.4) means that they do not perform well for ASR overall. This means that a rank
order of vowels has also emerged here regarding the performance of F2, particularly for
SSBE accents: /u/ and /u/ perform worst. This supports claims concerning rank ordered
vowel performances, but this again does not reflect the rank order from Paliwal’s (1984)
study. Furthermore, different vowel rank orders are now emerging for different features from
the results: whilst /v/ and /u/ emerged as worst in the F2 measurements, they were not the
worst in the f) measurements, as discussed in (7.2.1). The performance of different vowels is
therefore dependent both on the features used when assessing performance and the
sociophonetic profile of the database used to test them, given that this rank order only
emerged for SSBE. This finding that there are rank orders emerging that do not reflect
Paliwal’s (1984) original order and appear to be specific to different accents and styles will
be expanded upon later in this chapter; however, the sociophonetic-specificity of these rank

orders provides further support for the importance of sociophonetic tailoring in ASR.

Moving finally to F1, this proves most useful for West Yorkshire accents. For SSBE accents,
it performed best with text-dependent speech for ASR. This further supports claims
concerning the importance of sociophonetic tailoring. Turning back to de Jong et al.’s (2007)
study reviewed in (2.5.3), the worse performance of F1 in text-independent speech in SSBE
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is somewhat expected: taking the vowel /a/ as an example, F1 showed particular variability
for this vowel in their study because this was undergoing another change in progress which
affected this vowel’s height in SSBE speakers. In controlled, text-dependent speech, where
speakers are more aware of their speech, variability within the speaker will be more limited,
and thus the measurements will be more stable. However, in more natural, text-independent
speech, variability within the speaker will be higher, and less stability will be seen across the
measurements as a result. This will impact same-speaker recognition negatively in text-
independent settings, therefore impeding the efficacy of this feature for ASR in this database.
This is directly reflected in the results for this vowel in (5.4): in the text-independent data for
SSBE, F1 captures more performance variation for this vowel than the text-dependent results,
which were more stable. Thus, F1 is therefore too variable for same-speaker recognition tasks
conducted with text-independent data, accounting for the worse performance of this feature in

text-independent SSBE speech.

The greater efficacy of F1 in West Yorkshire accents, especially compared to F2, is also
predictable. This is because Earnshaw (2021) writes that West Yorkshire accents showed
more variation between different speakers through F1 than F2. This manifests itself in the
results here too: in (5.3), it was shown that F1 performance was more balanced than F2
because it was better at measuring different-speaker variation. Thus, the greater performance
of F1 in this dataset may be due to its greater efficacy for inter-speaker recognition. Overall,
these F1 performance variations between different styles and accents are important to
recognise because they further support claims that phonetic approaches should be tailored to

different accents.
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7.2.4. The Efficacy of Mean Harmonics-To-Noise Ratio

(2.5.4) also debated whether mean harmonics-to-noise ratio will prove effective for ASR, and
this claim has not been supported. Firstly, mean harmonics-to-noise ratio only generated
enough data to be viable for use in ASR in the text-dependent dataset (4.1). Its successful
extraction is therefore subject to the sociophonetic variable of style. Whilst this challenges
this feature’s efficacy, this variable extractability still supports the use of sociophonetic
information by showing that different sociophonetic variants respond differently to different
phonetic approaches. This supports the conclusion that phonetic features should be tailored

towards the needs of different sociophonetic groups.

Mean harmonics-to-noise ratio’s limited extractability can be explained in relation to how
this measurement is taken and the methodological problems that are arising in this discussion
concerning forced alignment. Firstly, as this is a mean measurement taken from voiced
speech, it requires the demarcated area to be accurate and fully voiced. This is easier with
text-dependent speech because it is less subject to co-articulation effects like deletion that can
lead these segments to be unvoiced. This may explain why it is only successfully extracted
for text-dependent speech. In terms of extractability, mean harmonics-to-noise ratio is less
successful than f0) because f0 only needed the midpoint to be voiced; as a mean measurement,
mean harmonics-to-noise ratio measures across the whole segment and requires the whole

segment to be voiced.

Even with extraction issues aside, mean harmonics-to-noise ratio still had a detrimental
impact on ASR performance when used in the text-dependent SSBE dataset, as seen in Table
10 above. When removed, the score lowered, therefore improving performance when not
included. Based on this, it should not be considered in ASR as a viable phonetic approach

even when it can be extracted successfully. Turning to the plots in (5.3), this weak
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performance can be explained by the fact that mean harmonics-to-noise ratio is better at
different-speaker comparisons; for same-speaker comparisons, it showed higher variability in
performance. Thus, mean harmonics-to-noise ratio may only be effective for measuring inter-
speaker variation; not intra-speaker variation. The lack of balance between these ASR tasks
accounts for its weak performance. These results also challenge the efficacy of phonetic
approaches to an extent: only certain phonetic features are proving effective for ASR now,
and mean harmonics-to-noise ratio is not one of them. That said, it was still integral to the

best-performing system which combined all features and vowels, as reported in (7.1).

Issues aside, Yumoto et al.’s (1984) study was also discussed in (2.5.4) which raised the point
that mean harmonics-to-noise ratio may only prove useful in select circumstances anyway,
namely for speakers who have atypical, non-modal speech patterns involving greater
variability in breathiness or creakiness or for speech recorded in the morning when a
speaker’s voice is creakier. Thus, there is still some potential for mean harmonics-to-noise
ratio to prove more useful for ASR in conditions not covered by this thesis: for example, this
feature could be tested on speakers with voice pathologies that are associated with non-modal
voice qualities. This is supported by multiple studies from chapter 2, such as Teixeira et al.’s
(2013) study which discussed how features useful for recognising pathologies may also prove
useful for ASR. Furthermore, it could be tested on a database where session variability
correlates to different times of the day when voices are creakier; it may be a feature that only

proves useful at certain times.

7.2.5. The Efficacy of Mean Autocorrelation

(2.5.5) also debated whether mean autocorrelation will prove useful for ASR, and this has
also been challenged. Firstly, mean autocorrelation only generated enough data to be viable

for text-dependent speech; its extraction is again determined by the sociophonetic variables of
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style, much like mean harmonics-to-noise ratio was. Even more like mean harmonics-to-
noise ratio, mean autocorrelation is included in the best-performing systems from (7.1), but in
the vowel-specific systems it has a detrimental impact to performance when included, as seen
in Table 10 above. Looking at the results from (5.3), it even failed for the same reasons: it
captures variability between speakers well, but does not capture stability within the same
speaker well. This continues to challenge the claim that phonetic approaches are effective to
an extent: only certain phonetic approaches are proving effective for ASR, and these mean

value features are now those proving to be consistently ineffective.

Given how these two features capture similar information about the consistency of voicing
activity, specifically about breathiness and creakiness, this indicates that the problems could
lie in the observance of perceptible features related to non-modal voicing. That said, this only
accounts for why these features fail when used for ASR tasks; the fact that they cannot
overcome the extraction thresholds for text-independent speech styles, as seen in (4.1),
indicates that wider methodological issues may be affecting these phonetic features, in
particular surrounding forced alignment. This may be because these features are both
measured as mean values and need the entire segment to be voiced, yet the forced aligner
may have included unvoiced segments. The high frequency of failed extractions in the text-
independent databases may therefore indicate that the forced aligner is not demarcating the
voiced activity of the vowels accurately in natural speech. This is potentially due to co-
articulation effects like deletion which are more common in text-independent speech, as
discussed. Examples of this will be explored in later sections of this chapter when evidence
against the reliability of current forced alignment methods will be explored. Overall, it
appears that issues may arise due to the observance of features related to non-modality or

forced alignment issues.
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Whilst mean autocorrelation could still prove effective in scenarios with more session
variability or voice pathologies present, as discussed in (7.2.5) regarding mean harmonics-to-
noise ratio, the present thesis challenges the conclusions reviewed in (2.5.5) that saw mean
autocorrelation be successful. For example, Gonzalez-Rodriguez (2014) found that mean
autocorrelation could be used to address research gaps in modern ASR system performance,
but only went as far as identifying it as something that could prevent false rejections; they did
not test it as a viable approach to ASR. This thesis has tested it as an approach to ASR that
could be implemented in ASR and it has found that, under the tested conditions, mean
autocorrelation should not be used because it is only extractable for text-dependent data and,

when extracted, it can be detrimental to performance.

Furthermore, Bidondo et al.’s (2013) psycholinguistic study of speaker recognition was
criticised in (2.5.5) and can be criticised further here. This study problematically suggested
that one could use mean autocorrelation in ASR to replicate human cognitive processes. This
study was deemed to be flawed on the grounds that the human brain is not a perfect
recognition system and is, in fact, capable of false recognition. This criticism has been
supported to an extent by these results: mean autocorrelation has been shown as ineffective
for ASR, so this study (which assumes that mean autocorrelation can rectify issues with

ASR) has been challenged further.

7.2.6. The Efficacy of Jitter

It was also debated whether jitter will prove effective for ASR. This has also been challenged
overall, but with some minor caveats. Showing some support for the efficacy of jitter, some
jitter measurements were consistently capable of successful measurement extraction in all
databases: the local and local, absolute measurements. This is predictable: literature reviewed

in (2.5.6) established that the jitter measurements that average out the least amount of data
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and capture more variability, namely the local measurements, will be the most effective jitter
measurements for ASR tasks. This is explainable based on the selected data: as the vowel
segments are short, measurements like PPQS5 have insufficient data to collect from, thus
showing why the measurements that require more data points failed during data extraction, as

shown in (4.1).

These local measurements appear overall important because they are included in the best-
performing systems reported in (7.1). Based on the vowel-specific systems, however, this
claim has been challenged because they were consistently detrimental to performance. When
removed, the system score is always lowered irrespective of style or accent, therefore

improving performance via their removal.

The poor performance of jitter challenges previous studies that have seen success with jitter,
such as Farrus et al.’s (2007) and Jones et al.’s (2001) studies which found that this feature
proves useful for distinguishing speakers based on breathiness and creakiness. In combination
with the failures of mean harmonics-to-noise ratio and mean autocorrelation which also
perceptibly correlated to these non-modal voice qualities, one of the key developing findings
of this thesis appears to be that measurements that capture information relating to these non-
modal voice qualities do not appear to be as effective for ASR with the selected data. All
measurements relating to non-modal voicing, including shimmer which will be discussed
momentarily, are the features that consistently perform badly either in data extraction or in
vowel-specific system performance. This may be due to the selected data which includes only
modal voices: in datasets containing speakers with more non-modal voicing, or datasets
concerning changes in creakiness that are associated with time of day, these features may still

prove useful, as discussed above in (7.2.4-7.2.5).
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As an alternative explanation, however, flaws in the methodology may account for the
failures of jitter as they did for the failures of the mean measurements discussed above in
(7.2.4-7.2.5). While the mean measurements may have failed due to forced alignment, jitter
may have failed as a result of issues relating to feature extraction. Teixeira and Gongalves’
(2014) study, which was reviewed in (2.5.6), found that common algorithms for extracting
jitter measurements, which are employed by Boersma and Weenink’s (2023) Praat, were not
the most reliable algorithms for taking jitter measurements. This may account for its lack of
success here, but the difference between Teixeira and Gongalves’ (2014) better-performing
algorithms and the one used by Boersma and Weenink (2023) was negligible anyway; both
performed well, so Boersma and Weenink’s (2023) Praat is therefore unlikely to account
entirely for the failure of this feature in this thesis. It may be more likely that features which

measure these non-modal voice qualities are ineffective for ASR with the given data groups.

Returning finally to Leong et al.’s (2013) study from chapter 2, this found that jitter will only
be effective for male speakers. The results of this thesis ultimately challenge this conclusion:

whilst a future investigation into how sex can be tailored towards in ASR would be needed to
test Leong et al.’s (2013) claim fully, jitter was not found to be successful for any male

speakers’ vowels in this study.

7.2.7. The Efficacy of Shimmer

Whilst this section has already covered all of the synthesised data from Table 10, shimmer
must also be discussed here. Literature reviewed in (2.5.7) predicted that shimmer will prove
useful for ASR, and this has been strongly rejected. This is due to its poor extractability;
under no vowels or databases could enough data be collected to test its effectiveness for ASR.
It was also established that the shimmer measurements that average out the least amount of

data and capture more variability, namely the local measurements, will be most effective for
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ASR. This also cannot be supported because, whilst the local measurements did produce

more successful extractions, they still did not produce enough data to test shimmer.

This overarchingly challenges a number of assumptions: firstly, it challenges the overarching
claim that the tested phonetic approaches work well for ASR because it again shows that not
all phonetic approaches will prove useful, here shimmer. More specifically, however, its
universally poor performance across all vowels, styles, and accents challenges all
assumptions concerning the importance of vowel-specificity and sociophonetic variables: no
rank order of vowels emerged and shimmer could not be tailored to different styles and
accents; it always performs poorly. It could not even be included in the above all-feature, all-
vowel scores for each database that performed best, indicating that at least some degree of
feature tailoring, not just sociophonetic tailoring, is also necessary in relation to

extractability, showing why the extraction results from chapter 4 are particularly important.

The overall failure of shimmer is a mostly expected outcome based on the trends already
identified above: shimmer, again, perceptibly correlates to non-modal voice qualities. So far,
the features that perceptibly correlate to these qualities have been repeatedly shown to prove
harmful for ASR with the selected datasets. Shimmer may have seen success in previous
studies, such as Farrus et al.’s (2007) study which was reviewed in (2.5.7), but the results of
the present thesis challenge this conclusion. Furthermore, Brockmann et al. (2011) suggested
that shimmer would also prove useful for ASR with male speakers, but the present study also
challenges this; it was not effective for any of the male speakers of any of the accents

producing any of the speech styles.

Turning to more methodological concerns, this thesis supports researchers who argue that
shimmer is unreliable as a measurement. For example, Teixeira and Gongalves (2014) study

showed that Boersma and Weenink’s (2023) Praat may not be the best tool for extracting
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shimmer measurements, and this may account for the results here given that Boersma and
Weenink’s (2023) Praat was used in this methodology. Leong et al. (2013) also found that
shimmer was the worst performing feature for ASR in their study; even worse than jitter. This

has similarly been seen in this thesis.

More positively, however, Farrus et al. (2007) showed that local measurements outperform
other shimmer measurements, and this is somewhat visible in the present results: the local
measurements were more successfully extractable in (4.1), but they still did not generate
enough results to be viable for testing. The better extractability of local measurements can
again be explained as a result of using phonemes, however: due to how short phonemes are,
larger shimmer measurements are not viable for use because there will not be enough data
points to observe. The APQ11 measurement, for example, would need eleven frames that the
phonemes could not regularly provide, especially in natural speech styles which have shorter
vowel productions. Local measurements, by virtue of needing less data to generate a
measurement successfully, expectedly produce more measurements for shimmer just like

they did for jitter.

7.2.8. Summarising Phonetic Feature Findings

Support for the use of explainable phonetic features in ASR has overall been seen, but with
some caveats. Some features appear to not be useful at the vowel-specific level, and these all
relate to non-modal voicing: mean harmonics-to-noise ratio, mean autocorrelation, jitter, and
shimmer. This modality trend may be due to the tested groups: all data was selected from the
same session and from speakers with typical modality. Future studies could revisit these
features on the claim that they are effective for non-modal voicing characterisation, which
may prove useful for characterising speakers across different sessions, when their voices are

creakier, or speakers with atypical voices. Whilst this unifying perceptible quality may
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account for their failure here, there are also a mix of methodological issues that will be
discussed in the following sections. These relate to forced alignment predominantly, but also

Boersma and Weenink’s (2023) Praat algorithms and data quantity.

The rest of the features, however, proved useful to some degree with the vowel-specific
systems. Some proved effective universally and irrespective of accent or speech style, namely
intensity and formant 4. Some, by contrast, only proved useful to select accents and speech

styles, like the lower formants and f0.

The most important finding, however, is that all features par shimmer were included in the
sociophonetically-tailored baselines that generated the best scores in (7.2.1). These best
systems show that feature- and vowel-tailoring is, practically, unnecessary. As a rule of
thumb, it appears that if a feature or vowel is extractable, it should be included; data quantity
appears to prejudice better performance. Overall, however, these results give support to the

place of these explainable phonetic approaches in ASR.

7.3. The Performance of Vowels

Having discussed the efficacy of different features, the efficacy of different vowels will now
be discussed in more detail. It has already been discussed how vowel-tailoring cannot achieve

the best scores, but for investigative purposes they will still be explored and compared.

Vowel efficacy specifically relates to claims in (2.3) that certain vowels will prove more
effective for ASR than others. The following rank order from Paliwal (1984) was identified
in the literature review surrounding vowel performance: /o/, /v/, /1/, /u/, /o/, Ia/, /a/, /d/, &/, /1/,
then /e/. However, this rank order is problematic: as discussed in (2.3), Paliwal (1984) was
vague in detail about why this rank order emerged. Thus, despite finding a rank order
amongst the limited literature on vowel performance, it was predicted that this rank order will

be challenged. That said, based on other literature reviewed, it was also expected that there

174



would at least be differences in vowel performance that emerge, likely correlated to the
sociophonetic differences explored. Table 11 below synthesises the reported scores from the
portfolios generated in Appendix A: specifically, it shows the best-performing portfolios for
each vowel from each database and ranks each vowel from best performance to worst

performance.
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Table 11: Best-Performing Combinations for Each Vowel in Each Database (Ranked)

DyViS (TD)

DyViS (TI)

WYRED (TI)

/a/ (primary stress) (0.38)

/o/ (no stress) (0.23)

/e/ (primary stress) (0.33)

/o/ (no stress) (0.39)

/¢/ (primary stress) (0.29)

/a/ (primary stress) (0.36)

/a/ (primary stress) (0.47)

/a/ (primary stress) (0.34)

/a/ (no stress) (0.39)

/3 (primary stress) (0.49)

/1/ (primary stress) (0.37)

/a/ (primary stress) (0.45)

/a/ (primary stress) (0.51)

/i/ (no stress) (0.4)

/A/ (primary stress) (0.51)

/i/ (primary stress) (0.52)

/1/ (no stress) (0.42)

/1/ (no stress) (0.51)

/o/ (primary stress) (0.53)

/\/ (primary stress) (0.42)

/&/ (no stress) (0.53)

/1/ (no stress) (0.58)

/& (no stress) (0.43)

/u/ (primary stress) (0.57)

/e/ (primary stress) (0.6)

/a/ (primary stress) (0.44)

/i/ (primary stress) (0.58)

/& (no stress) (0.61)

/3 (primary stress) (0.45)

/1/ (primary stress) (0.58)

/1/ (primary stress) (0.61)

/A/ (primary stress) (0.46)

/o/ (primary stress) (0.62)

/i/ (no stress) (0.62)

/u/ (primary stress) (0.47)

/3/ (primary stress) (0.66)

/u/ (primary stress) (0.71)

/9/ (primary stress) (0.5)

/i/ (no stress) (0.69)

/u/ (primary stress) (0.75)

/v/ (primary stress) (0.77)

/u/ (primary stress) (0.91)

Firstly, it is evident from Table 11 that rank orders do emerge. However, Paliwal’s (1984)
rank order is never present; none of the vowel rank orders, from any of the databases, reflects

their rank order. This, to some extent, is expected: Paliwal’s (1984) study is dated and has
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fundamental issues. Not only does this study use EDs, an outdated metric discussed in
(2.1.1), to rank the performances of the ASR approaches per vowel, these approaches were
composed only of formant measurements. Paliwal (1984) also did not offer any explanation

as to why their rank order emerged.

Beyond Paliwal’s (1984) study, there is a lack of any other modern or reliable study seeking
to evaluate the performance of different vowels prior to the present thesis; thus, the present
study fills a research gap by serving as a needed update on the performance of different
vowels. It does this by employing a more modern and reliable metric, Cu, to assess the
performance of the vowels and by identifying different combinations of phonetic features that
are best-suited to the individual vowels. It has also already offered some explanations for
why certain vowels perform better, but more explanations behind the performances of the

vowels will be explored in more detail momentarily.

Looking at the generated rank orders more closely first, they are not uniform across the
different datasets; the results show that the vowels perform differently depending on the
sociophonetic variables of style and accent to an extent. This further shows that different
accents and speech styles have different needs in ASR. It is therefore further evidence that
accents and speech styles need to be tailored towards because different approaches behave

differently when these variables are changed.

When considered independently, however, some vowels also perform in universal ways;
there are some consistent patterns across these rank orders which will now be discussed.
Firstly, /o/ (no stress) always ranks within the top three best-performing portfolios. The
strong performance of /o/ is somewhat unexpected given the above discussion of /o/ in
(7.2.1): there, it was reported that measurements taken from /o/ can be highly variable within

the speaker due to the high frequency of tokens, as reported in (4.2), and these tokens can
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occur in a variety of different environments affected by different pitch contours. As
discussed, poorer performance in intra-speaker variation should lead to a worse performance
overall for ASR; one could therefore expect /o/ to perform poorly based on this rationale.
However, this high frequency may also be why this vowel performed so well. As it is
consistently the most frequently produced vowel, it therefore has more measurements to take
from these different segmental contexts and, despite being subject to more variability,
therefore also has more tokens to capture this variability across. This may therefore account
for why this vowel performed well: enough data is provided to capture the limits of variation
in this vowel accurately. High data quantity may therefore account for why this vowel
performed so well in the portfolios from every database. The importance of data quantity has

also already been highlighted above in (7.2.8).

Another universal vowel behaviour spotted is that /a/ and /3-/ always rank amongst the
middle. The reason for this builds off of the above discussion of /o/: these are vowels that
similarly occurs in a lot of different contexts, but as seen in chapter 4, they were simply not
as frequent in the speech files. Thus, despite being as variable as /o/, they do not have the
quantity of supporting data on these different contexts. As a result, this may be why more
inter-speaker variation was captured in the results for this vowel in chapter 5. The lack of
intra-speaker stability may therefore be why these vowels performed poorly in the portfolios.
This, overall, gives further credence to the importance of high data quantity for performance.
Given that the best-performing scores seen in (7.2.1) consider all vowels together, many
trends in these results are therefore indicating that data quantity is one of the most important

considerations for ASR performance.

Contrastingly, the poor performance of /u/ and /u/ in SSBE accents may have resulted from
limitations in the methodology for reasons that differ based on accent. Looking at the DyViS
data to exemplify this, these vowels are subject to a change in progress, as discussed in
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(7.2.3) when exploring the F2 results. The provided dictionary for the forced alignment stage
is fixed; it cannot adapt to this change in production so it will only classify the sound based
on what information is in the dictionary. Tokens may therefore be incorrectly tagged for
certain speakers who have a more fronted production than others in certain segmental
contexts, and this may incur variability that accounts for the poorer performance of these

vowels.

Whilst the lack of adaptability in forced alignment could be responsible for this performance
issue, this issue may ultimately be an argument against the use of vowels overall: language
change is a natural part of language, and when change affects vowels as seen here, it may
render comparing tokens of a vowel ineffective due to their increased variability that
evidently cannot be captured by modern forced alignment tools. More importantly, however,
this thesis has found that vowel-specificity is problematic anyway: the baseline score
performances in (7.2.1), which only considered sociophonetic specificity and did not tailor to
any vowel, were the best-performing combinations. They therefore show that this vowel issue

is entirely avoidable by simply including all vowels together irrespective of variation.

This covers the more universal behaviours in vowel performance. Moving forward to more
individual behaviours, this highlights a problem that faced Paliwal (1984) that still faces this
study today: due to the overall lack of research into the performance of individual vowels in
ASR since Paliwal’s (1984) study, it still cannot be determined why, exactly, individually
distinct performances arise. More research should therefore be done into what, exactly,
makes different vowels more viable for ASR in different groups. Some universal conclusions
relating to accent variation and data quantity have been drawn for some vowels above, but the
presence of minute variations by style and accent, and the overall existence of completely

different rank orders emerging, cannot currently be explained should be investigated further.
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That said, there may not be a practical need for this research: this study has found that vowel
performance differences do not, ultimately, matter to ASR. The best performances were seen
when all vowels were considered together, not apart. This, again, supports one of the
important themes in this thesis’ findings: data quantity is more important to ASR
performance than feature- or vowel-specificity. The best portfolios included the most amount
of data possible, caveated only by a need to be sociophonetically-tailored and only to include
features that are extractable. As a result, feature- and vowel-specific research may not benefit

ASR performance from a practical perspective.

That aside, the next exploration to discuss in relation to vowels is the exploratory analysis
into stress; a variable that Paliwal (1984) did not consider. Firstly, it must be noted that
secondary stress consistently failed to generate enough extractable tokens to be considered as
a viable approach to ASR in (4.2); they were trimmed early in the investigation. Similarly,
many “no stress” conditions had to be trimmed; thus, the first important finding of this thesis
regarding stress conditions is that data from vowels produced with primary stress are the most
successful during extraction. This is, again, due to data quantity: as seen in (4.2), more
primary stress vowels were extractable than no stress and secondary stress vowels. From the
above discussions, however, it has also been seen that /o/ in its no stress condition is the most
successful vowel for ASR tasks based on score. However, this was also the overall most
frequent vowel; this finding may, again, be due to high data quantity. Thus, despite primary
vowels being easier to extract, stress does not appear to affect the performance of vowels for
ASR; data quantity is evidently more important. Furthermore, the best scores seen combined
all no stress and primary stress conditions of each vowel anyway; it can therefore again be
concluded that higher data quantity is more important to performance than breaking down the

data to individual vowels and their individual stress contexts.
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Turning finally to how different sociophonetic groups vary based on vowel performance, one
final important discovery here is that the best-performing vowel portfolios were seen in text-
independent speech. This was also true of the baseline scores, as discussed in (7.2.1). This is
also the speech style that ASR researchers were most concerned about, as discussed in (2.1);
thus, the fact that phonetic approaches to ASR are most effective for this speech style means
that they may already be more viable for ASR than initially expected. Phonetic approaches
may therefore already prove useful for the type of speech data that researchers are most
concerned with studying. The success of text-independence may be due to the increased
amount of data available for each phoneme, as seen in chapter 4. More text-dependent data
may yield similar successes, and this is an avenue for future research, but this finding again
suggests that data quantity may ultimately be the most important contributing factor to ASR

performance.

The text-independent data from SSBE also generated better scores than the text-independent
speech from West Yorkshire. This may reflect biases towards standard varieties that permeate
many methodological concerns flagged in chapters 2 and 3; however, it was also the database
that most data was collected from. This, again, may therefore support the importance of data

quantity.

7.4. An Exploration into the Implementation of Phonetic Approaches in ASR

The goal of this thesis is predominantly to explore the potential of phonetic approaches for
ASR using empirical methods for validation typically used for testing and evaluating ASR
systems. Thus, this chapter has shown the successes and limitations of the tested
(socio)phonetic approaches using Cy-. However, a running theme from the earlier chapters
concerning the motivations of this thesis is that these phonetic approaches could be

implemented in ASR in the future as an additional element of explainability to the system.
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Though this work will take the form of future study, an exploratory analysis into the practical
implementation of the phonetic approaches explored in this thesis will be conducted here.
This will involve fusing the best approaches identified in this thesis, which to reiterate are the
portfolios composed of all features and phonemes tailored to each sociophonetic group
(found above in Table 9), alongside Phonexia’s (2024) x-vector Voice Inspector ASR system
which utilises DNNs (making it representative of the modern forensic ASR systems and the

processes discussed in Chapter 2).

In Table 12 below, Ci;- values from Phonexia’s (2024) Voice Inspector have been reported.
These were calculated using the exact same datasets used in this thesis, as seen. More
specifically, the same pairs of comparisons were tested to produce scores with Phonexia’s
(2024) Voice Inspector as tested to produce scores with the present thesis’ phonetic
approaches. However, it should be flagged that, for this exploratory experiment to work, the
files had to be split in half for Phonexia’s (2024) Voice Inspector as a minimum of 2 separate
files per speaker were needed so that same-speaker comparisons could be conducted, as per
Phonexia’s (2024) Voice Inspector functionality; this likely led to overoptimistic
performance, as only 2 same-session files were therefore used per speaker. Beyond this, the
scores were then calibrated and fused just like the phonetic analyses above which combined
the scores from separate phonetic feature measurements: as the output of Phonexia’s (2024)
Voice Inspector were scores, these could be processed into Cy- values following the same
methodology covered in Chapter 3. Cy valuesfrom Phonexia’s (2024) Voice Inspector for
each database are included below alongside a reminder of the scores for the all-feature, all-
vowel phonetic portfolios generated in this thesis that represent the best identified phonetic

approaches to ASR. The combined Cy; values in the middle will be discussed momentarily.
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Table 12: Cy Values from Phonexia’s (2024) Voice Inspector, This Thesis, and the

Combination of Both for Each Corpus

Corpus Phonexia’s (2024) Combined Cy, Phonetic Cy,
Voice Inspector Cy;

DyViS (Text- 8.46E-34 1.01E-15 0.32

Dependent)

DyViS (Text- 5.32E-67 6.16E-55 0.15

Independent)

WYRED (Text- 5.48406476846864E-96 | 4.15823554652027E-97 | 0.23

Independent)

As seen, Phonexia’s (2024) Voice Inspector always outranks the phonetic Cy;- values from
this thesis, and as reiterated throughout, this is expected: all of the ASR developments
moving away from traditional phonetic analyses reviewed in chapter 2 were motivated by
improvements to performance, which manifest here, and speed, which was seen in the much
faster collection of these results than those of this thesis, an issue which will be discussed in
the final section of this chapter in more detail. Moez et al. (2016) also review the known
trade-off between explainability and performance: specifically, they found that more
explainable approaches tend to perform worse, and that is seen here. It should also be noted
here that Phonexia’s (2024) Voice Inspector performance is extremely good, and this is likely

due to the unrealistic nature of this data, as also discussed in this chapter.

The most important findings here are the combined Cy; values. Specifically, these are the C»
values for the fused combinations of the phonetic and ASR approaches here. As seen, these
significantly improve upon the phonetic approaches tested in this thesis. This is expected: this
thesis’ approach was based solely on phonetic approaches, so when ASR approaches are
included which, as discussed and shown above in isolation, are already known to perform

better, a performance improvement is expectable. Compared to Phonexia’s (2024) Voice
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Inspector, though, the difference in performance is essentially zero: the inclusion of
traditional phonetic approaches does not affect performance here. The performance of the
ASR system is already at ceiling, so there is essentially no room for the phonetic information
to improve performance. However, importantly, the addition of the phonetic information does
not degrade performance either. This shows that phonetic approaches, which bring with them
the explainability benefits reviewed in the earlier chapters, can be integrated alongside ASR
approaches without major impact on performance. This means that they can be included as
additional elements of explainability, should triers-of-fact need them, without impacting
performance. Alternatively, these results could be read as an indication that Phonexia’s
(2024) Voice Inspector already measures these features of speech: performance change was
effectively 0, so they may therefore already be factored in. This diagnostic view also
addresses the explainability issue as it can show triers-of-fact that these perceivable elements

of speech are potentially already factored into this ASR system’s output.

It is important to reiterate that this thesis does not take issue with the stance of Morrison et al.
(2021) that triers-of-fact need only know that a system is valid, but it does support the claims
linked to Eldridge (2019) and Wang (2022) that a much more holistic approach could be
implemented in ASR that also encompasses explainability. This is important because the job
of the expert is to help reduce the probability of a miscarriage of justice, and adding an
additional element of explainability to the system in the form of explainable phonetic
analyses could help here. Moreover, it was suggested that increased explainability may be
important to consider because triers-of-fact have growing trust issues with ASR evidence, as
reported by van der Veer et al. (2021). This thesis may therefore provide one potential way of

addressing this concern.
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These results overall indicate that combining phonetic approaches with ASR approaches has
no impact on performance. Speed, as will be discussed momentarily, still remains an issue
here, but overall these explainable phonetic approaches can add an additional, optional
element of explainability to ASR systems. This reflects the conclusions of similar studies
reviewed earlier in this thesis: whilst Hughes et al.’s (2019a) study only considered one
phonetic feature, one sociophonetically-controlled group, and did not consider phoneme-level
analyses, they still found that ASR system performance was unchanged for most replications
when mean harmonics-to-noise ratio was considered. However, as mean harmonics-to-noise
ratio can be correlated to an explainable and perceivable element of a speaker’s voice, this
meant that including this measurement added an additional element of explainability to the
system at no cost to performance. Thus, phonetic inclusions can aid any potential
explainability queries from any triers-of-fact. This thesis effectively replicated this study but
explored many more phonetic variables. It showed that tailored combinations of multiple
explainable phonetic features, phonemes, and socio-phonetic considerations can be integrated
into current ASR approaches to add an element of explainability without impacting

performance, and used the current gold-standard validation metric (Cy;,) to show this.

7.5. The Future of Phonetically-Informed Approaches to ASR

So far, the results have been discussed in terms of what they show for the effectiveness of
phonetic approaches to ASR. Whilst caveated throughout with certain features that needed

trimming universally or in specific scenarios, the headline findings thus far have been:

- Certain phonetic features, like formant 4, always perform well in ASR tasks for the

given speaker groups.

- Features relating to non-modal perceptible features, such as breathiness and

creakiness, perform worst for the given speaker groups.
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- Vowels work well for ASR, but not in any predictable vowel-specific or stress-
specific ways. More work could therefore be done to explore the efficacy of different

vowels.

- Different sociophonetic groups have different needs in ASR that should be tailored
towards. These sociophonetic considerations are of the utmost importance; the best
performing approaches combined all of the extractable features and vowels for each

given sociophonetic group.

- Forced alignment may also be accountable for some of the errors facing the phonetic

approaches to ASR tested in this thesis.

- For each sociophonetically-tailored approach, it appears that data quantity may be

more important than feature- and vowel-specificity.

- The best phonetic approaches identified in this thesis can be fused with current, off-
the-shelf ASR systems without degrading performance. As these phonetic approaches
are explainable, this could therefore add an element of explainability without any

detrimental impact to the superior performance of these systems.

The remainder of this discussion will now build upon these general conclusions that
explainable (socio)phonetic approaches are effective by turning to the future. It will position
the developments offered by this thesis in the history of ASR research, in particular how they
build upon historical and current methods and performance that were detailed in chapters 1
and 2. It will also explore where developments must occur from here; as discussed
throughout, methodological concerns with the present thesis bring into question the viability
of phonetic approaches to ASR right now, particularly for future ASR needs. These will be

discussed in more detail here.

186



Though the primary concern of this thesis was always exploring novel, combinatory, and
bespoke phonetically-informed approaches to ASR, the motivation for study was partly born
out of concern for the explainability of modern ASR systems. Modern ASR systems, such as
Phonexia BETA4, VOCALISE 2019A, and Nuance 11.1 were found to perform extremely
well by Morrison and Enzinger’s (2019) standards. These systems are amongst the modern
gold standard for ASR; however, they use features generated by DNNs that cannot be fully
explained by human developers and, as Rudin (2018) writes, can fail in ways that cannot be
diagnosed and fixed. As a result of these concerns, as van der Veer et al. (2021) write, triers-
of-fact are less trusting with ASR evidence due to lack of explainability and perceivability of

what the output represents.

This thesis’ novel combinations of explainable phonetic features could, as shown, be fused in
a supplementary position in ASR to add an additional element of explainability to the system.
They are explainable because the selected features have perceptual correlates in the voice, as
discussed. They have also already been used successfully in ASR individually, as many
studies reviewed in chapter 2 saw. The work of this thesis has shown that they are capable of
effective ASR in combination with each other, and the final sections of this thesis showed
that these portfolios can be fused successfully with off-the-shelf ASR systems. That said, the
specific portfolios tested here are, again, proofs-of-concept; they were not created under
forensically-realistic conditions. However, portfolios can be tested that are more forensically-

realistic by using this thesis’ methodology with more forensically-realistic data.

These portfolios, if integrated alongside current ASR systems, could lead to work that
supports Tancock’s (2018) stance that ASR needs to be accepted by wider society as a
reliable and valid development by showing triers-of-fact that the system is, at least in-part,

informed by phonetic measurements correlated to perceptible elements of the voice. It is
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evident that ASR systems are not currently trusted as lay authors like Dickson (2020)

villainise such systems based on their lack of explainability.

van der Veer et al. (2021) also argued that triers-of-fact need to be able to trust that these
ASR systems work. In order to enable this, Morrison et al. (2021) suggested that these
systems must be validated. This means that triers-of-fact should not be expected to
understand exactly how a system works, only that it has worked and been used before. The
work of this thesis does not infringe on or contradict this stance; simply put, adding these
additional phonetic elements of explainability to an ASR system could aid validation by
allowing triers-of-fact to link the output of ASR systems to elements of the voice that they
already know and can perceive, should they require more support. Furthermore, these
portfolios are already validated and optimised using the same performance metric (Cy;) that is
commonly used to validate current ASR systems anyway. Concerns for their effects on ASR
performance have therefore already been considered: as the final sections of this thesis
showed, these portfolios do not have a detrimental effect on ASR system performance when

fused.

Rudin’s (2018) stance that unexplainable approaches should be nothing more than a
placeholder until a more explainable approach exists was also explored in chapter 1. The
present thesis strongly disagrees with the strength of this stance: modern ASR systems are
already powerful, but their flaw is only explainability; supplementary, explainable
information could fill this gap without the need for a full replacement system. Using
phonetics as this supplementary explainable information, many studies in chapter 2 have
already fused individual phonetic features with ASR systems to improve their explainability.
Now, this thesis shows that multiple explainable phonetic features, vowels, and sociophonetic
variables can be combined and tailored for performance, thus offering a more bespoke
approach to addressing the explainability problems facing ASR.
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Rudin’s (2018) stance also cannot be fully supported at the time of writing because the tested
phonetic approaches are not viable replacements from a practical perspective; they are
hampered by modern limitations in methodology that render them too slow to process for
real-world applications, especially in commercial settings where speed is more critical. The
present thesis has not produced something efficient: it is slow and labour-intensive as a
methodology, so utilising already powerful and fast ASR methods should be done to meet
efficiency needs. As it stands, the present methodology took >2 hours to run per portfolio

tested.

The importance of balancing performance and speed is prioritised by other authors more
clearly: for example, Shaver and Acken (2016) concluded their report on the history of ASR
with a comment on the future, stating that the primary goals of ASR must always be to
recognise speakers with as few errors as possible and as fast as possible. The first of these
goals, which concentrates on performance, is already achievable using current ASR methods,
as chapter 2 showed. It is also achievable with the phonetic approaches tested here: it was
shown that these combinations can perform well in fusion with off-the-shelf ASR systems
too. However, the second of Shaver and Acken’s (2016) main goals, speed, cannot be
currently achieved through phonetics. This is because aligning the vowels, extracting feature
measurements, and building and testing each portfolio took >2 hours. ASR developers may
wish to recognise new speakers live during a phone call, particularly for commercial
purposes; this is not possible under the method followed by this thesis, so prioritising already

powerful ASR approaches currently makes more practical sense for ASR.

Fusing phonetic approaches with ASR systems would also enable the portfolio methodology
to be used for another purpose: to understand and diagnose already-existing ASR systems. As
already exemplified in Skarnitzl et al.’s (2019) and Hughes et al.’s (2019a) study, one can
fuse phonetic features into an existing ASR system and measure the change in performance,
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just like the ‘top-down’ method used to create the portfolios in chapter 6, to identify what
effects these features have on ASR systems. Should they improve performance, that means
that they should now be included because the present system does not incorporate it. If
performance is stable, that means the present system already captures this feature and this
knowledge makes the ASR system more explainable as a result. If performance declines,
however, then the phonetic feature should simply be removed; as with mean autocorrelation,
mean harmonics-to-noise ratio, and jitter, this thesis’ methodology also enables researchers to
identify what does not work for a given speaker or data group. This still falls under diagnosis
and explanation, however, as it can be used to show what perceptible elements of the
speakers’ voices are not relevant here. This further shows how the present thesis’

methodology can be employed beyond its original purposes to explain approaches to ASR.

Some final avenues for future research that combine the work of this thesis with modern ASR
approaches would be to test current ASR approaches on phonetically-controlled data, such as
phonemes, as opposed to a random allocation of speech. Also, sociophonetically-controlled
UBMSs could be tested instead of randomly-grouped UBMs. Both of these allow for modern
ASR systems to be used with more explainability: one can see what the needs of different
speech segments, speakers, and speech are with ASR features instead of phonetic features. By
doing this, phonetic theory (in the shape of phoneme-specificity and sociophonetic
considerations) can still be implemented in ASR in ways that retain the speed and

performance of modern ASR approaches but improve explainability.

Speed is not the only issue encountered in this thesis, however. As seen throughout this
chapter, there are pressing technical issues with the methodology that must be addressed to
make sure these novel phonetic approaches to ASR are more viable. Firstly, in chapter 3, the
efforts undertaken to ensure the results of this thesis are reliable were detailed: the selected
data contains the expected speech, a reliable forced aligner was selected to mitigate the risk

190



of misaligned TextGrids, reliable software in the form of Boersma and Weenink’s (2023)
Praat was selected for feature extraction, the Praat script has been checked and tested to
ensure there are no accidental mathematical impossibilities, and a reliable performance metric
was selected to create these portfolios with (Cy,). Despite all of this, chapter 4 raised concerns
for the performance of the methodology through the unexpectedly high frequency of

“undefined” results. Some causes of this issue will now be explored.

Starting with Boersma and Weenink’s (2023) Praat itself, its reliability for extracting
measurements from the data it is given can be mostly supported by the literature reviewed in
chapters 2 and 3 above: Goedemans (2001) writes that Boersma and Weenink’s (2023) Praat
is generally considered the most reliable tool for phonetic analysis, Bhore and Shah (2015)
found that formants are extracted reliably from Boersma and Weenink’s (2023) Praat,
Fernandes et al. (2018) found that mean harmonics-to-noise ratio is extracted reliably, de
Jong and Wempe (2009) showed that intensity can be extracted reliably, and Jouvet and
Laprie (2017) verify that Boersma and Weenink’s (2023) Praat’s approaches to extracting f0,
and by extension mean autocorrelation, are reliable. Thus, based on prior literature, it is

unlikely that the extraction issues originate from Boersma and Weenink’s (2023) Praat.

The true cause of this issue can be traced by exploring the f0 analysis above further. f0), based
on the above literature, can only be reliably extracted if the segment in question is voiced. All
of the selected phonemes are expected to be voiced; they are vowels. Thus, the frequency of
“undefined” f0 results may provide an insight into the performance of the forced aligner
because an “undefined” result may indicate that the forced aligner is inaccurately capturing
voiceless speech when demarcating the boundaries of the vowels. Upon a qualitative
inspection of the collected data, this appears to be true: as seen in Figure 23 below, this is an
example of the segmentation of the vowel /o/ being extracted inaccurately from the word
“particular” produced by Speaker(13) from the text-independent WYRED data. Over half of
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this segment, as indicated by the lack of periodicity in the waveform, is unvoiced; moreover,
the segmentation includes the beginning of the following voiceless alveolar fricative /s/. This

triggered the return of an “undefined” result for f0.

Figure 23: Failed Vowel Segmentation
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Above is an example of an error with forced alignment that may relate to co-articulation: the
following /s/ is unvoiced, so the preceding vowel is cut short in preparation. This may
indicate that the MFA’s method, detailed in chapter 3, may not capture co-articulation effects

as reliably as expected.

Continuing this investigation, there are sociophonetic reasons behind some forced alignment
errors. One such reason is that the forced aligner could not account for scenarios where the
vowel was not produced due to the style or accent of the speaker. This particularly concerns
text-independent speech and select accents, such as West Yorkshire accents, which are
subject to co-articulation effects that may omit the vowel. An example of an omitted vowel,
but one that the MFA has still tried to align, can be seen in Figure 24 below. Here,
Speaker(13) from WYRED produces a glottal stop instead of /o/ in their production of “to”.
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This is a feature of West Yorkshire accents and can also be more typical of text-independent,
free-flowing speech. This could explain a large amount of issues found in this thesis because
there were more f0) extraction failures in the text-independent databases, specifically in the

West Yorkshire accent database too.

Figure 24: Failed Detection of An Omitted Vowel
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There are further issues with forced alignment which must now be discussed. These problems
do not contribute to the inaccuracy of the present methodology as the above issues do; these
problems instead show how the intended goal of full explainability via phonetic methods is
not, currently, feasible. Firstly, the MFA requires a transcript. This is fine for the text-
dependent speech as a script of expected speech is typically provided, but as text-independent
speech does not have a script by nature, one may have to turn to speech-to-text technologies,
as tested in chapter 3. This is a particularly critical issue for forensic uses of ASR where text-
independent speech is more prevalent. These speech-to-text technologies are very reliable and
very fast; much like modern ASR methods. However, they are similarly also based on
approaches that are not fully explainable. This issue cannot presently be avoided; the

technologies available at the time of writing limits this. Thus, future research could turn to
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automatic speech recognition in an attempt to make this more explainable. Otherwise, it

contradicts the central explainability ethos of the thesis.

As an additional issue with forced alignment, it is reliant on dictionaries that may cause
problems when investigating accent differences. For example, the FOOT/STRUT split is
present in the General American English dictionary that was used in this thesis. This is only
present in SSBE; the West Yorkshire accents do not have this split, so these vowels were
technically investigated incorrectly as a result of the dictionary. In order to explore the
efficacy of different vowels in different accents more accurately, dictionaries should be
created for separate accents to account for sociophonetic variation more accurately. This is,
again, a recommendation for future research. More importantly, accent-specific dictionaries

could also solve the glottal stop issue observed above.

One may argue that this challenges claims from chapter 3 that the MFA can work with
accents other than General American English: for example, due to the lack of FOOT/STRUT
split in West Yorkshire English, this has led to tokens of the /v/ vowel being divided across
two different ARPAbet tokens given that some tokens classified as /a/ will, in fact, be /v/.
Given that data quantity has been found to be so important to these phonetic approaches, this
may account for the poor performance of /u/ seen above. That said, however, this thesis also
found that vowel specificity may be ultimately unimportant anyway; the best-performing
combinations of phonetic approaches did not tailor to specific vowels, so future work may

not need to contend with this issue at all.

The final problem with the dictionaries, as discussed above in chapter 3, is the use of proper
nouns. If a word is not included in the dictionary, such as many proper nouns encountered in
this study, the forced aligner ceases to function. A tool was tested for automatically creating

dictionary entries for these, but it proved unreliable, as discussed in chapter 3. Thus, future
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forced aligners must be used that can skip these unknown words. Alternatively, a more
reliable automatic approach to transcribing these words, perhaps incorporated during the
speech-to-text stage which could transcribe these words directly into ARPAbet
representations, could be employed. Entering them manually, as was done in this thesis, goes

against the automated ethos of this thesis too.

Despite placing accountability predominantly on the forced aligner, it is still possible to
criticise Boersma and Weenink’s (2023) Praat. Shimmer has been seen to be successful in
ASR previously, as Farrus et al. (2007) demonstrated, but Teixeira and Gongalves (2014)
discovered that Boersma and Weenink’s (2023) algorithms are not as reliable as theirs for
accurate extraction. This may, potentially, account for the overall failure of shimmer in this
study and the (mostly) lacking success of jitter. Retesting with their algorithm instead of
Boersma and Weenink’s (2023) may therefore yield better results that may support their
conclusion that shimmer, and more measurements of jitter, can be used in ASR. This can be
achieved with the present methodology: as discussed, future revisions may swap in software
and approaches other than Boersma and Weenink’s (2023) for feature extraction, perhaps

even for speed-related concerns, and in doing so can implement more reliable measures.

It is also possible to question the overall explainability of the performance metric. In chapter
3, it was established that the most reliable metric for performance is Cy;. Prior methods have
proven useful, but none capture as much information about same- and different-speaker
performance as Cy;. However, this metric involves heavy abstraction and whilst the
measurements used are based on explainable phonetic science, it is possible to also argue that
this performance metric denies the system full explainability. Solutions to this issue may also

lie in future research.
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Finally, there are methodological concerns beyond these technical issues that lie with the data
selected. The databases selected do not accurately represent general speech and therefore may
not be reliable as the basis for generalisable portfolios. This is because the speech is
controlled on topic, namely on the topic of a crime committed. This may work for some
forensic scenarios because lexis from the semantic field of crime is being employed that is
typical of more forensically-realistic data, but it is still not generalisable. Given the control of
topic, these findings may also not be applicable to commercial scenarios wherein one may
wish to recognise a speaker using more terminology from the semantic field of commerce.
Thus, future research should also test data from the same sociophonetic group producing less

crime-focused speech.

These are also simulated tasks recorded in controlled environments; thus, despite being text-
independent, the speech still may not represent naturalistic speech and may be subject to
Labov’s (1972) Observer’s Paradox. These research gaps can be addressed through further
testing with the methodology under different conditions, specifically with the same speakers
talking about different topics or producing more naturalistic data. This future work is critical
for forensic implications: as discussed, the work of this thesis demonstrates the viability of
phonetic approaches to ASR, but only under desirable conditions. Now, more forensically
diverse data should be consulted, especially if real ASR applications are to be considered.
This is particularly important for the high frequency of “undefined” results, which may
become a more serious issue in less favourable data; here, though some explanations have
been identified, they do not account for all of the “undefined” results, and these “undefined”
results affect the interpretability of the findings. This offers a segue to a particularly
important future study that asks the research question “how do juries react to this
interpretable, supplementary, phonetic material for ASR and its limitations?”. Now that a

system built upon phonetic approaches deemed interpretable has been built and shown to

196



work without detrimental effects on performance, future work should explore how the system

1s received.
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8. Conclusion

This thesis has explored novel, bespoke, and combinatory phonetically-informed methods of
ASR. It did so with future practical implementations in mind, namely to aid ASR
explainability. To do this, it started with an overview and critique of the history of ASR.
From this, a move away from phonetics was observed that resulted in a research gap
pertaining to explainability. This research gap is getting increasingly flagged by lay and
academic audiences, particularly to ensure triers-of-fact trust in ASR evidence. This thesis,
based on the work of prior academics in related speaker recognition fields, then proposed that
phonetic approaches to ASR could be taken much further, and in doing so could address this
research gap. It showed that phonetic measurements (that are already explainable through
their perceptible links to elements of the voice) can be measured and employed for ASR
purposes well. It specifically explored multiple combinations of phonetic features to identify
and create well-performing, validated portfolios of explainable features for different
sociophonetically-controlled groups. It explored how reliably extractable the measurements
of the features are, their ability to recognise the same and different speakers, and how best to
combine them for a given sociophonetic group or vowel to generate the most effective
phonetic approaches to ASR. This combinatorial approach is novel to the field of ASR, and
due to a focus on explainability, automation, and methods of validation used in ASR, could
now be applied to ASR in future studies to address the explainability research gap directly. It
was even shown that fusing the best-performing phonetic approaches with an off-the-shelf
ASR system had no detrimental impact on their performance; thus, the explainable benefits of
phonetic information can be integrated with well-performing ASR systems without

performance concern.

Based on these results, a number of successes and challenges were encountered. Firstly, it
was shown that the tested phonetic approaches are effective for ASR: phonetic features
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relating to formants and intensity can universally benefit ASR performance whilst those
relating to non-modal voice qualities, such as mean harmonics-to-noise ratio, mean
autocorrelation, and jitter were detrimental to vowel-specific performance. This was all tested
on tokens of monophthong vowels from speech. However, it was found that phonetic
approaches ultimately performed best when more data were used anyway, as seen by the fact
that considering all vowels together outperformed an analysis of any one vowel. These

vowel-specific issues are, at least practically, therefore unimportant.

The biggest finding of this thesis was that the most important phonetic consideration for ASR
performance was sociophonetics: for a given sociophonetic group, changing any feature- or
vowel-specific parameters did not achieve scores as high as the scores when all tested
features and segments were combined. On top of this, when sociophonetic variables were not

considered, the worst score overall was observed.

Having established that phonetic approaches can be successful, it was also shown how these
phonetic approaches could now be used by future ASR research to improve explainability. It
was seen that, when fused alongside Phonexia’s (2024) Voice Inspector, that the best
combinations of features did not hamper performance whilst adding an additional element of

explainability to the analysis.

This thesis does not support Rudin’s (2018) argument that explainable approaches should
eventually be used instead of less explainable, current ASR approaches; it instead argues that
these approaches should be combined to take into account the explainability benefits of these
phonetic approaches and the stronger performance of pre-existing ASR methods. Even from a
practical perspective it cannot support the use of these phonetic portfolios as viable
approaches to ASR on their own. This is because there are technical limitations at the time of

writing that slow the processing of the present thesis’ methodology. The more pressing issue,

199



however, is that there are methodological research gaps that hinder the full explainability of
the phonetic approach anyway, namely through the use of speech-to-text technologies. This
thesis therefore supports the use of fusion to integrate these phonetic approaches alongside

current ASR approaches.

Even if researchers do not wish to use the direct output of this thesis, a more abstract use of
this thesis is how to employ its principles of explainability in methodologies for ASR. As
discussed, this thesis presently recognises that the use of phonetic features may be
unattractive to commercial ASR given its lack of speed. However, modern ASR researchers
could still take forward the use of combinatory portfolios, in particular by using
sociophonetically-informed profiles of ASR features instead of phonetic features.
Furthermore, they could use vowels as controlled and explainable units of voiced speech that
have now proven effective for ASR when combined together. Sociophonetically-controlled
UBMs could also be considered, given the importance of sociohponetically-controlled
datasets here. Using modern approaches, which have larger computational benefits, but with
these explainable, phonetic principles in mind, still moves the field into more explainable,

phonetically-informed areas that address the explainability problems facing modern ASR.

Whilst this shows how the work of this thesis could be implemented now, attention should
also be paid to what needs to be done to make phonetic approaches to ASR, as tested here,
more viable in the future. Firstly, the extraction of phonetic feature measurements, as well as
the portfolio creation methods, is too computationally taxing to work fast enough for
commercial ASR researchers looking for live recognition. Thus, future research must be
conducted into speeding up the methods of data extraction and comparison. Some efforts
have already been made, such as the discussed long formant measurements that can reduce

the amount of formant features to analyse (Nolan and Grigoras, 2005).
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Forced alignment presented the most problems for the tested approach. As seen, it appears to
be responsible for most failed extractions due to misaligned phoneme boundaries and the
inclusion of unvoiced segments. It is inaccurate, and this may be due to its lacking
adaptability to co-articulation effects and its dependence on a dictionary that may not
accurately reflect the influence of accent on the data. More specifically, the dictionary used
was only tailored to General American English, which does not have vowel distinctions that
are present in the included accents of this study. Prior literature suggested that the use of this
dictionary would be reliable, but this led certain vowels to be misrepresented, namely /A/, due
to the dictionary not including sociophonetic variation known to be present in the selected
accents, here the lack of FOOT/STRUT split in West Yorkshire accents. This shows that

forced alignment may require more varied dictionaries.

Secondly, current forced alignment problems required the use of partially unexplainable
tools, here speech-to-text technologies. This is problematic for the ethos of this thesis because
an unexplainable approach has had to be employed due to no explainable approach to
automatic speech recognition presently existing. This problem is pertinent for text-
independent speech which, by nature, does not have a transcript. Solving this problem
required turning to speech-to-text technology, which itself slowed the system down. These
flagged issues show that the explainability, accuracy, and applicability of forced alignment
should be rectified before these phonetic approaches can be employed viably as an effective-
yet-explainable approach in ASR. This may take the form of a new forced aligner, a new
dictionary, and perhaps an explainable speech-to-text model that transcribes speech using the

ARPAbet directly, removing the need for any problematic dictionaries to be used.

In summary of these technical problems, phonetic technologies are currently too limited to
compete with modern ASR demands. Boersma and Weenink’s (2023) Praat can extract the
measurements, but it is too slow. A more dedicated system, perhaps even including better
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approaches for measuring jitter and shimmer to test their effectiveness further, should be
developed. Modern forced alignment methods offer competitive performance, but they have
accuracy problems that cannot be rectified due to their lacking explainability and reliance on
dictionaries that cannot capture intra- and inter-speaker variation accurately. Current forced
alignment methods also require the use of speech-to-text approaches that generate problems
for the explainability of this ASR approach. This issue cannot be rectified until future
automatic speech recognition technologies and approaches exist. The problems facing forced
alignment are similar to the problems facing ASR that this thesis sought to address: the field
is employing less explainable approaches and creating unfixable problems that may benefit
from future applications of (socio)phonetic theory. That said, this thesis in no way argues that
phonetic approaches to ASR need to be competitive with current ASR methods in terms of
processing; some of these technical issues may not be an issue for future work concerning the

fusion of these now-tested phonetic approaches.

On top of these technical issues, there is the additional theoretical issue that this thesis has
opened up for phoneticians: the individual differences in vowel performance could not be
accounted for between the databases. Some universal trends were linked to data quantity
issues and wider sociophonetic differences, but the more specific reasons for different rank
orders emerging for different accents and styles are unclear. This, therefore, continues to be
an under-researched area. At the time Paliwal (1984) discovered their rank order of vowel
performance, they could not account for the rank order they discovered due to lacking
research; little progress has been made since then. This thesis does successfully update this
study’s findings using more modern validation metrics, however, by re-affirming that rank
orders do emerge in vowel performance and that different vowels behave differently for
different accents and styles. However, due to continuingly lacking research, the reasons

behind why these different vowels behaved differently could not be discerned beyond data
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quantity and wide sociophonetic explanations. This is another avenue for future research;
however, the overarching conclusion of this thesis is that these differences between vowels
do not matter for the practical reality of ASR; the best performance was observed when all

vowels were considered together indiscriminately.

Issues aside, addressing these problems only seeks to improve the foundations that are laid
here. Combinatory, bespoke, phonetic approaches to ASR have been shown to work well and
sociophonetic considerations have been shown to be more important than initially thought.
Future work can now explore fusing these methods into ASR approaches to boost
explainability more realistically. The portfolios generated here could technically now be used
by ASR researchers, but these are better served as proof-of-concept; they used forensically-
unrealistic data. Now, more forensically-realistic portfolios should be made for different
accents, sexes, races, styles, recording qualities, and sessions before ASR applications are
considered further. If a database of speech is big enough to allow for a singular sociophonetic
group to be profiled, a portfolio can be generated for it to produce a clearer picture of the
needs of that group for ASR. This work may even involve the creation of more speech
databases, which is another avenue for future research. However, at present, it must be
reiterated that the portfolios tested are only applicable to the chosen speakers and speech, and
they were created under desirable conditions. The portfolios are still usable, but they are not

generalisable.

As another future avenue for research, different languages could also be explored; the
methodology is, technically, language-independent. This thesis explored variation within the
same language, but as long as the databases and dictionaries exist for data in another
language, these can also be investigated using the same template methodology found here to

generate more portfolios for different speakers and speech.
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Any created portfolios can then be continuously used and updated to improve their reliability.
It is particularly important to update these portfolios because data quantity has already proven
to have a positive effect on these portfolios; more data will therefore improve them. To do
this, one could conduct replications that swap out which speakers are used as the test speakers
in the portfolio creation stage using the same data. This is because Wang (2021) found that
this can capture further variability using the same data. Thus, this opens up more avenues for
future research to improve the reliability of the groundwork laid here simply through

replications with the same data and the inclusion of further data.

As a final thought, it should also be reiterated that this methodology is modular; each task is
done independently, as detailed in chapter 3. This allows the methodology to be futureproof:
the component technologies and approaches can all be swapped out with new developments
to either explore new ground, such as new data or even features, or to improve the reliability

of different components, such as the forced alignment and feature extraction stages.

The position of this research is simply that the individuality of one’s voice should be
characterised and measured using the best tools for the task. It has been shown that current
ASR approaches are already best for speed and performance, but novel, bespoke,
combinatorial (socio)phonetic approaches to ASR are also viable and could be integrated in
ASR as supplementary tools for explainability purposes. This thesis identified some of these
approaches and provided a tool for identifying more of these approaches for different
datasets. This thesis recognises that the reality of ASR is constantly negotiated and debated;
research in phonetics, computational science, and engineering have all brought revisions to
ASR over time, and the present thesis joins other researchers such as Hughes et al. (2019a) in

rediscovering phonetics’ place in ASR.
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Appendix A. Vowel Portfolios

DyViS (TD) Portfolios

Turning first to Nolan et al.’s (2010) Dy ViS text-dependent sub-corpus, every segment and
phoneme combined within this corpus generated a Cy;- value of 0.32. This improves upon the
full combination of all data from all databases Cy; value, as seen in the thesis above. This
now serves as the baseline performance for this sociophonetic group: from here, the
performance of each segment, and each feature on each segment, can be compared to this
baseline to identify whether they improve performance through further tailoring of the

combination of phonetic approaches.

Each vowel will now be taken in turn to identify how effective each phonetic feature is when
measured on that vowel before identifying which combination yields the best performance
using Cy, values. Starting with /a/ (primary stress) below, the Cy,- value is 0.41 for this
phoneme with all features combined together. This is worse than the baseline for this corpus.
However, when mean autocorrelation is removed, this decreases this Cy; value to 0.38. Thus,
this feature should be removed to optimise performance; its inclusion makes performance
worse. The other phonetic features, by contrast, increase this Cy- value when removed. This
shows that they are necessary; without them, performance worsens. These phonetic features
are f0, intensity, formants 1-4, mean harmonics-to-noise ratio, jitter (local), and jitter (local,
absolute). These are the features that will be combined in the optimised combination. The
best condition for this phoneme, measured on this speaker and data group, is this optimised
combination with its Cy; value of 0.38. However, whilst this optimised phoneme combination
outperforms the overall combinatory performance for this phoneme, it does not outperform

the baseline Cy;,- value for this specific sociophonetic group: 0.32.
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Change in Cy: values in relation to the Baseline Measurement for /a/ (primary stress) in

Nolan et al.’s (2010) DyViS Text-Dependent Sub-Corpus

Formant 3 Removed | 0071
Formant 4 Removed | 0.06 |
Intensity Removed | 0osl
Pitch Removed [ 0.04]
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Formant 2 :!\er?::--.-e_cl 0071
e Lot
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Baseline |
Optimum Combination [ -0.03 ]
Mean :;It::c:ugiz- ation | SNER
-0.04 -0.02 0 0.02 0.04 0.06 0.08

For /a/ (primary stress) below, the Cy;- value is 0.49 for this phoneme when all features are
considered together. This again does not beat the baseline for this corpus overall. The
phonetic features that should be removed are formant 3, mean autocorrelation, and jitter
(local) and the phonetic features that should be retained are f0, intensity, formants 1-2 and 4,
mean harmonics-to-noise ratio, and jitter (local, absolute). This optimised combination
generates a Cy- value of 0.46. The best condition for this phoneme, measured on this speaker
and data group, is once again the optimised combination, but this again does not beat the

overall baseline for this sociophonetic group.
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Change in Cy, values in relation to the Baseline Measurement for /a/ (primary stress) in

Nolan et al.’s (2010) DyViS Text-Dependent Sub-Corpus

Formant 4 Remaoved [ 01z2]
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Pitch Removed [ 0.071
Formant 2 Remaoved [ 0.07 |
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hMean Harmonics-To-
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For /5/ (no stress) below, the Cy; value is 0.41 when all features are combined for this
phoneme. This again does not beat the baseline Cy;- value for this corpus. The phonetic
features that need removing are mean autocorrelation, f0, and jitter (local, absolute) and the
phonetic features that need retaining are intensity, formants 1-4, mean harmonics-to-noise
ratio, and jitter (local). This optimised combination generates a Cy;- value of 0.4. Whilst an
improvement, the best profile for this phoneme, measured on this speaker and data group, is
actually all features included but jitter (local, absolute) removed. This generated a Cy;- value
of 0.38. Whilst this beats the optimised combination, it again does not beat the baseline Cj;

value for this sociophonetic group.
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Change in Cy: values in relation to the Baseline Measurement for /3/ (no stress) in Nolan

et al.’s (2010) DyViS Text-Dependent Sub-Corpus

ntensity Removed | 008]
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For /A/ (primary stress) below, the Cy;- value is 0.59 for this phoneme when all features are

combined, again not beating the baseline Cy;- value for this corpus. The phonetic features that

need removing are jitter (local, absolute), mean harmonics-to-noise ratio, mean

autocorrelation, formant 3, and jitter (local). The phonetic features that need retaining are 10,

intensity, and formants 1-2 and 4. This optimised combination generates a lower Cy;- value of

0.52. The best condition for this phoneme, measured on this speaker and data group, is the

sole removal of jitter (local) and the retention of all other features, however. This lowered the

score to 0.51, improving upon the optimised combination, but this still does not outperform

the baseline Cy;- value for this corpus.
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Change in Cy, values in relation to the Baseline Measurement for /a/ (primary stress) in

Nolan et al.’s (2010) DyViS Text-Dependent Sub-Corpus
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For /o/ (primary stress) below, the Cy,- value is 0.55 for this phoneme when all features are
combined. The phonetic features that need removing are jitter (local), formant 3, jitter (local,
absolute), mean harmonics-to-noise ratio, and mean autocorrelation and the phonetic features
that need retaining are f0, intensity, formants 1-2, and formant 4. However, this optimised
combination generates a Cy,- value of 0.58, worsening performance. The best condition for
this phoneme, measured on this speaker and data group, is the removal of only mean
autocorrelation, however. This generates a Cy- value of 0.53, which still does not outperform

the baseline Cy;- value for this corpus.
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Change in Cy, values in relation to the Baseline Measurement for /3/ (primary stress) in

Nolan et al.’s (2010) DyViS Text-Dependent Sub-Corpus
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For /e/ (primary stress) below, the Cy;- value is 0.7 for this phoneme when all features are

combined. The phonetic features that need removing are jitter (local, absolute), formant 3,

mean autocorrelation, f0, formant 2, jitter (local), mean harmonics-to-noise ratio, and formant

4 and the phonetic features that need retaining are intensity and formant 1. This optimised

combination generates a score of 0.77, actually worsening performance. The best condition

for this phoneme, measured on this speaker and data group, is the sole removal of formant 4,

however. This generates a Cy- value of 0.59, which still does not beat the baseline Cy;- value

for this corpus.
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Change in Cy, values in relation to the Baseline Measurement for /¢/ (primary stress) in

Nolan et al.’s (2010) DyViS Text-Dependent Sub-Corpus
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For /a/ (no stress) below, the Cy;- value is 0.67 for this phoneme when all features are
combined together. The phonetic features that need removing are jitter (local, absolute), jitter
(local), formant 2, mean autocorrelation, and mean harmonics-to-noise ratio and the phonetic
features that need retaining are formants 1 and 3-4, f0, and intensity. This optimised
combination generates a Cy, value of 0.61. The best condition for this phoneme, measured on
this speaker and data group, is this optimised combination, but it again does not beat the

baseline Cy,- value for this corpus.
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Change in Cy, values in relation to the Baseline Measurement for /3-/ (no stress) in Nolan

et al.’s (2010) DyViS Text-Dependent Sub-Corpus
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For /3+/ (primary stress) below, the Cy;- value is 0.49 for this phoneme when all features are

combined together. The phonetic features that need removing are mean autocorrelation, mean

harmonics-to-noise ratio, and formant 1 and the phonetic features that need retaining are f0,

intensity, formants 2-4, jitter (local), and jitter (local, absolute). This optimised combination

generates a Cy value of 0.49. The best condition for this phoneme, measured on this speaker

and data group, is the sole removal of formant 1, however. This still generates a Cy;- value of

0.49, which still does not beat the baseline Cy, value for this corpus.

230



Change in Cy: values in relation to the Baseline Measurement for /3-/ (primary stress) in

Nolan et al.’s (2010) DyViS Text-Dependent Sub-Corpus
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For /1/ (no stress) below, the Cy;- value is 0.61 for this phoneme when all features are
combined together. The phonetic features that need removing are jitter (local), mean
autocorrelation, and formant 1 and the phonetic features that need retaining are f0, intensity,
formants 2-4, mean harmonics-to-noise ratio, and jitter (local, absolute). This optimised
combination generates a Cy, value of 0.59. The best condition for this phoneme, measured on
this speaker and data group, is the optimised combination, but it again does not beat the

baseline Cy,- value for this corpus.
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Change in Cy: values in relation to the Baseline Measurement for /1/ (no stress) in Nolan

et al.’s (2010) DyViS Text-Dependent Sub-Corpus
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For /1/ (primary stress) below, the Cy;- value is 0.75 for this phoneme when all features are
combined together. The phonetic features that need removing are mean harmonics-to-noise
ratio, formant 1, jitter (local, absolute), formant 3, f0), and the phonetic features that need
retaining are formant 2, jitter (local), mean autocorrelation, formant 4, and intensity. This
optimised combination generates a Cy, value of 0.62. The best condition for this phoneme,
measured on this speaker and data group, is the sole removal of f), however. This generates a

score of 0.61, again not beating the baseline Cy; value for this corpus.
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Change in Cy, values in relation to the Baseline Measurement for /1/ (primary stress) in

Nolan et al.’s (2010) DyViS Text-Dependent Sub-Corpus
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For /i/ (no stress) below, the Cy;- value is 0.63 for this phoneme when all features are
combined together. The phonetic features that need removing are f0) and formant 3 and the
phonetic features that need retaining are mean autocorrelation, jitter (local, absolute), jitter
(local), formants 1-2 and 4, mean harmonics-to-noise ratio, and intensity. This optimised
combination generates a Cy, value of 0.64. The best condition for this phoneme, measured on
this speaker and data group, is the sole removal of formant 3, however. This generates a score

of 0.62, which again does not outperform the baseline Cy,- value for this corpus.
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Change in Cy: values in relation to the Baseline Measurement for /i/ (no stress) in Nolan

et al.’s (2010) DyViS Text-Dependent Sub-Corpus

For'n:ujt 1 [ D]
ARmAkES
_ [ 0.051
Removed
To-Noise Ratio o002l
Frsmapdd
BETRRA
ombination I
{J:"C{E’[LSLE‘] |
Jidemipeal,
Alsrlstte) '
|
|
|

Auts IR ion
RETANRS
Pitch Remaved

Formant 3
[o.01]

Removed
-0.02 -0.01 0 0.01 0.02 0.03 0.04 0.05 0.06 0.07 0.0

oo

0.09

For /i/ (primary stress) below, the Cy;- value is 0.55 for this phoneme when all features are
combined together. The phonetic features that need removing are jitter (local), jitter (local,
absolute), and formant 3 and the phonetic features that need retaining are mean
autocorrelation, mean harmonics-to-noise ratio, formants 1-2 and 4, intensity, and f0. This
optimised combination generates a Cy value of 0.52. The best condition for this phoneme,
measured on this speaker and data group, is the optimised combination, but it again does not

beat the baseline Cy; value for this corpus.
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Change in Cy, values in relation to the Baseline Measurement for /i/ (primary stress) in

Nolan et al.’s (2010) DyViS Text-Dependent Sub-Corpus
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For /u/ (primary stress) below, the Cy- value is 0.81 for this phoneme when all features are
combined together. The phonetic features that need removing are formants 1-3, mean
autocorrelation, and mean harmonics-to-noise ratio and the phonetic features that need
retaining are jitter (local), jitter (local, absolute), intensity, formant 4, and f0. This optimised
combination generates a score of 0.74. The best condition for this phoneme, measured on this
speaker and data group, is the optimised combination, but it does not beat the baseline Cy,

value for this corpus.
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Change in Cy: values in relation to the Baseline Measurement for /o/ (primary stress) in

Nolan et al.’s (2010) DyViS Text-Dependent Sub-Corpus
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For /u/ (primary stress) below, the Cy;- value is 0.73 for this phoneme when all features are
combined together. The phonetic features that need removing are mean autocorrelation and
mean harmonics-to-noise ratio and the phonetic features that need retaining are jitter (local),
jitter (local, absolute), intensity, formants 1-4, and f0. This optimised combination generates a
score of 0.7. The best condition for this phoneme, measured on this speaker and data group, is

the optimised combination, but it again does not beat the baseline Cy;- value for this corpus.
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Change in Cy: values in relation to the Baseline Measurement for /u/ (primary stress) in

Nolan et al.’s (2010) DyViS Text-Dependent Sub-Corpus
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For this database, there is variation in the portfolios which will be explained in the following
chapter, but there are some important trends to flag here. The sociophonetically-specific
baseline combination for this corpus always outperforms any vowel-specific combination.
However, on these vowels, the optimised combination regularly represents the best possible
combination. Finally, the features that are most frequently trimmed are the mean
autocorrelation and mean harmonics-to-noise ratio measurements and the included jitter

measurements.
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DyViS (TI) Portfolios

Turning now to Nolan et al.’s (2010) DyViS text-independent sub-corpus, the baseline Cj;
value with all features and segments considered is 0.15. This improves upon the full

combination Cy, value, as seen in the prior chapter.

Starting with phoneme /a/ (primary stress) below for the phoneme-specific investigations, the
Cur value 1s 0.61 for this phoneme when all features are considered on this phoneme. The
phonetic features that need removing are jitter (local), jitter (local, absolute), and formant 1
and the phonetic features that need retaining are f0, intensity, and formants 2-4. This
optimised combination generates a Cy, value of 0.45, but the best condition for this phoneme,
measured on this speaker and data group, is the sole removal of formant 1. This generates a

Cyr value of 0.44, but this does not beat the baseline Cy;, value for this database.

Change in Cy, values in relation to the Baseline Measurement for /a/ (primary stress) in

Nolan et al.’s (2010) DyViS Text-Independent Sub-Corpus
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For /a/ (primary stress) below, the all-features Cy;- value is 0.48 for this phoneme. The
phonetic features that need removing are jitter (local), jitter (local, absolute), and formant 1

and the phonetic features that need retaining are f0, intensity, and formants 2-4. This
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optimised combination generates a Cy value of 0.34 and the best condition for this phoneme,
measured on this speaker and data group, is the optimised combination. This does not beat

the baseline Cy; value for this corpus.

Change in Cy: values in relation to the Baseline Measurement for /a/ (primary stress) in

Nolan et al.’s (2010) DyViS Text-Independent Sub-Corpus
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For /5/ (no stress) below, the all-features Cy;- value is 0.23 for this phoneme. As seen below,
this was the optimised combination; removing any features worsened performance, so all are
necessary for best performance here. This was also the best individual vowel performance
seen in any database in this thesis, but it still did not beat the baseline Cy; value for this

corpus.
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Change in Cy: values in relation to the Baseline Measurement for /3/ (no stress) in Nolan

et al.’s (2010) DyViS Text-Independent Sub-Corpus
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For /A/ (primary stress) below, the all-features Cy;- value is 0.52 for this phoneme. The
phonetic features that need removing are jitter (local), jitter (local, absolute), intensity,
formant 1, and formant 3 and the phonetic features that need retaining are f0, formant 2, and
formant 4. This optimised combination generates a Cy,- value of 0.56, worsening
performance. The best condition for this phoneme, measured on this speaker and data group,
is the sole removal of formant 1 and the retention of all other features. This generates a Cy;

value of 0.46, but this again does not beat the baseline Cy;,- value for this corpus.
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Change in Cy, values in relation to the Baseline Measurement for /a/ (primary stress) in

Nolan et al.’s (2010) DyViS Text-Independent Sub-Corpus
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For /o/ (primary stress) below, the all-features Cy;- value is 0.52 for this phoneme. The

phonetic features that need removing are jitter (local, absolute) and the phonetic features that

need retaining are f0), intensity, formants 1-4, and jitter (local). This optimised combination

generates a Cy- value of 0.5. The best condition for this phoneme, measured on this speaker

and data group, is this optimised combination as only the singular feature detrimental to

performance was cut, but it did not beat the baseline Cy;- value for this database.
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Change in Cy, values in relation to the Baseline Measurement for /3/ (primary stress) in

Nolan et al.’s (2010) DyViS Text-Independent Sub-Corpus

Formant 4

Removed 0.11]

Pitch Removed 0.08 |

Formant 3

0.05 |

Removed
Intensity

Removed
Formant 1

0.05 |

.0
Removed

Formant 2

Removed
litter (Local)

Removed
Baseline
Optimum

Crrabinatsl
Absolute) -0.02
Removed

H

=

ol |2
=
%] I [ 8]

-0.04 -0.02

=

0.02 0.04 0.06 0.08 0.1 0.12

For /e/ (primary stress) below, the all-features Cy;- value is 0.45 for this phoneme. The
phonetic features that need removing are formant 1 and the phonetic features that need
retaining are f0, intensity, formants 2-4, jitter (local), and jitter (local, absolute). This
optimised combination generates a Cy,- value of 0.29, and the best condition for this phoneme,
measured on this speaker and data group, is this optimised combination as only the singular
feature detrimental to performance was cut. This still does not beat the baseline Cy;- value for

this corpus.
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Change in Cy, values in relation to the Baseline Measurement for /¢/ (primary stress) in

Nolan et al.’s (2010) DyViS Text-Independent Sub-Corpus
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For /a/ (no stress) below, the all-features Cy;- value is 0.44 for this phoneme. The phonetic
features that need removing are formant 3, jitter (local), and jitter (local, absolute) and the
phonetic features that need retaining are f0, intensity, formants 1-2, and formant 4. This
optimised combination still generates a Cy- value of 0.44, so the best condition for this
phoneme, measured on this speaker and data group, is the sole removal of formant 3. This

generates a score of 0.43, but this still does not beat the baseline Cy; value for this corpus.
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Change in Cy, values in relation to the Baseline Measurement for /3-/ (no stress) in Nolan

et al.’s (2010) DyViS Text-Independent Sub-Corpus
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For /3+/ (primary stress) below, the all-features Cy- value is 0.45 for this phoneme. The
phonetic features that need removing are jitter (local) and the phonetic features that need
retaining are f0, intensity, formants 1-4, and jitter (local, absolute). This optimised
combination still generates a Cy- value of 0.45 and the best condition for this phoneme,
measured on this speaker and data group, is this optimised combination as only the singular
feature detrimental to performance was cut. This still does not beat the baseline Cy- value for

this corpus.
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Change in Cy: values in relation to the Baseline Measurement for /3-/ (primary stress) in

Nolan et al.’s (2010) DyViS Text-Independent Sub-Corpus
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For /1/ (no stress) below, the all-features Cy- value is 0.43 for this phoneme. The phonetic
features that need removing are formant 1 and jitter (local, absolute) and the phonetic features
that need retaining are f0, intensity, formants 2-4, and jitter (local). This optimised
combination still generates a Cy value of 0.43 but the best condition for this phoneme,
measured on this speaker and data group, is the sole removal of jitter (local, absolute). This

generates a score of 0.42, but this still does not beat the baseline Cy; value for this corpus.
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Change in Cy: values in relation to the Baseline Measurement for /1/ (no stress) in Nolan

et al.’s (2010) DyViS Text-Independent Sub-Corpus
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For /1/ (primary stress) below, the all-features Cy- value is 0.37 for this phoneme. The
phonetic features that need removing are jitter (local, absolute) and the phonetic features that
need retaining are f0), intensity, formants 1-4, and jitter (local). This optimised combination
still generates a Cy; value of 0.37 and the best condition for this phoneme, measured on this
speaker and data group, is this optimised combination as only the singular feature detrimental

to performance was cut. This still does not beat the baseline Cy;- value for this database.
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Change in Cy, values in relation to the Baseline Measurement for /1/ (primary stress) in

Nolan et al.’s (2010) DyViS Text-Independent Sub-Corpus
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For /i/ (no stress) below, the all-features Cy,- value is 0.4 for this phoneme. As seen below,
this was the optimised combination; removing any features worsened performance, so all are
necessary for best performance here. This did not, however, beat the baseline Cy; value in this

corpus.
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Change in Cy: values in relation to the Baseline Measurement for /i/ (no stress) in Nolan

et al.’s (2010) DyViS Text-Independent Sub-Corpus
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For /i/ (primary stress) below, the all-features Cy- value is 0.43 for this phoneme. The

phonetic features that need removing are jitter (local, absolute) and formant 3 and the

phonetic features that need retaining are formants 1-2 and 4, intensity, f0, and jitter (local).

This optimised combination generates a Cy- value of 0.42 and the best condition for this

phoneme, measured on this speaker and data group, is the optimised combination. This still

does not beat the baseline Cy- value in this corpus.
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Change in Cy, values in relation to the Baseline Measurement for /i/ (primary stress) in

Nolan et al.’s (2010) DyViS Text-Independent Sub-Corpus
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For /u/ (primary stress) below, the all-features Cy- value is 0.8 for this phoneme. The
phonetic features that need removing are formant 2 and jitter (local, absolute) and the
phonetic features that need retaining are f0, intensity, formant 1, formants 3-4, and jitter
(local). This optimised combination generates a Cy,- value of 0.78 but the best condition for
this phoneme, measured on this speaker and data group, is the sole removal of formant 2.

This generates a score of 0.77 which still does not beat the baseline Cy;- value in this corpus.
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Change in Cy: values in relation to the Baseline Measurement for /o/ (primary stress) in

Nolan et al.’s (2010) DyViS Text-Independent Sub-Corpus
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For /u/ (primary stress) below, the all-features Cy;- value is 0.49 for this phoneme. The

phonetic features that need removing are jitter (local), jitter (local, absolute), and formant 2

and the phonetic features that need retaining are f0, intensity, formant 1, and formants 3-4.

This optimised combination generates a score of 0.47 and the best condition for this

phoneme, measured on this speaker and data group, is the optimised combination. This still

does not beat the baseline Cy- value in this corpus.
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Change in Cy: values in relation to the Baseline Measurement for /u/ (primary stress) in

Nolan et al.’s (2010) DyViS Text-Independent Sub-Corpus
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There are, again, trends to spot in this database. The baseline Cy; value for this corpus is
again the best performance seen, the optimised combination is again used frequently, and the
jitter measurements are once again cut regularly. Additionally, formant 1 is now regularly

trimmed.
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WYRED (TI) Portfolios

Turning finally to Gold et al.’s (2018) WYRED text-independent sub-corpus, the baseline Cy,
value combining every feature and segment is 0.21 and improves upon the full combination
Cur value. Starting with phoneme /a/ (primary stress) below, the all-features Cy; value is 0.52
for this phoneme. The phonetic features that need removing are jitter (local, absolute), and
formant 2 and the phonetic features that need retaining are intensity, formants 1 and 3-4, and
jitter (local, absolute). This optimised combination generates a Cy;- value of 0.51 and the best
condition for this phoneme, measured on this speaker and data group, is the optimised

combination. This still does not beat the baseline Cy,- value in this corpus.

Change in Cy: values in relation to the Baseline Measurement for /a/ (primary stress) in

Gold et al.’s (2018) WYRED Text-Independent Sub-Corpus
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For /a/ (primary stress) below, the all-features Cy;- value is 0.38 for this phoneme. The
phonetic features that need removing are jitter (local) and formant 2 and the phonetic features
that need retaining are intensity, jitter (local, absolute), and formants 1 and 3-4. This

optimised combination generates a score of 0.36 and the best condition for this phoneme,
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measured on this speaker and data group, is the optimised combination. This again does not

beat the baseline Cy; value in this corpus.

Change in Cy; values in relation to the Baseline Measurement for /a/ (primary stress) in

Gold et al.’s (2018) WYRED Text-Independent Sub-Corpus
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For /5/ (no stress) below, the all-features Cy value is 0.39 for this phoneme. The phonetic
features that need removing are jitter (local, absolute) and the phonetic features that need
retaining are intensity, formants 1-4, and jitter (local). This optimised combination still
generates a Cy, value of 0.39 and the best condition for this phoneme, measured on this
speaker and data group, is this optimised combination as only the singular feature detrimental

to performance was cut. This again does not beat the baseline Cy,- value in this corpus.
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Change in Cy, values in relation to the Baseline Measurement for /3/ (no stress) in Gold

et al.’s (2018) WYRED Text-Independent Sub-Corpus
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For /A/ (primary stress) below, the all-features Cy;- value is 0.55 for this phoneme. The
phonetic features that need removing are jitter (local) and jitter (local, absolute) and the
phonetic features that need retaining are intensity and formants 1-4. This optimised
combination generates a Cy,- value of 0.52 but the best condition for this phoneme, measured
on this speaker and data group, is the removal of jitter (local) and the retention of all other
features. This generates a score of 0.51 which still does not beat the baseline Cy;- value in this

corpus.
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Change in Cy, values in relation to the Baseline Measurement for /a/ (primary stress) in

Gold et al.’s (2018) WYRED Text-Independent Sub-Corpus
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For /o/ (primary stress) below, the all-features Cy;- value is 0.69 for this phoneme. The
phonetic features that need removing are formants 1-2, jitter (local), and jitter (local,
absolute) and the phonetic features that need retaining are intensity and formants 3-4. This
optimised combination generates a Cy,- value of 0.7, worsening performance. The best
condition for this phoneme, measured on this speaker and data group, is this sole removal of
formant 2. This generates a score of 0.62 which again does not beat the baseline Cy; value in

this corpus.
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Change in Cy, values in relation to the Baseline Measurement for /3/ (primary stress) in

Gold et al.’s (2018) WYRED Text-Independent Sub-Corpus
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For /e/ (primary stress) below, the all-features Cy;- value is 0.33 for this phoneme. As seen
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below, this was the optimised combination; removing any features worsened performance, so

all are necessary for best performance here. This does not, however, beat the baseline Cy;

value in this corpus.
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Change in Cy, values in relation to the Baseline Measurement for /¢/ (primary stress) in

Gold et al.’s (2018) WYRED Text-Independent Sub-Corpus
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For /a/ (no stress) below, the all-features Cy;- value is 0.53 for this phoneme. The phonetic
features that need removing are jitter (local, absolute) and the phonetic features that need
retaining are intensity, formants 1-4, and jitter (local). This optimised combination still
generates a Cy- value of 0.53 and the best condition for this phoneme, measured on this
speaker and data group, is this optimised combination as only the singular feature detrimental

to performance was cut. This again does not beat the baseline Cj; value in this corpus.
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Change in Cy, values in relation to the Baseline Measurement for /a-/ (no stress) in Gold

et al.’s (2018) WYRED Text-Independent Sub-Corpus
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For /3+/ (primary stress) below, the all-features Cy- value is 0.69 for this phoneme. The
phonetic features that need removing are jitter (local, absolute) and formant 2 and the
phonetic features that need retaining are intensity, formants 1 and 3-4, and jitter (local). This
optimised combination generates a Cy,- value of 0.66 and the best condition for this phoneme,
measured on this speaker and data group, is this optimised combination. This generates a Cy-

value of 0.66 but does not beat the baseline Cy;- value in this corpus.
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Change in Cy: values in relation to the Baseline Measurement for /3-/ (primary stress) in

Gold et al.’s (2018) WYRED Text-Independent Sub-Corpus
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For /1/ (no stress) below, the all-features Cy,- value is 0.51 for this phoneme. The phonetic
features that need removing are jitter (local) and the phonetic features that need retaining are
intensity, formants 1-4, and jitter (local, absolute). This optimised combination still generates
a Cy» value of 0.51 and the best condition for this phoneme, measured on this speaker and
data group, is this optimised combination as only the singular feature detrimental to

performance was cut. This still does not beat the baseline Cy;,- value in this corpus.
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Change in Cy; values in relation to the Baseline Measurement for /1/ (no stress) in Gold

et al.’s (2018) WYRED Text-Independent Sub-Corpus

Formant 4 I
Removed
Formant 3 I
Removed
Formant 1
Removed

Intensity Removed

Formant 2
JiREPRYRY),
Absolute) I
Removed
Baseline I

0.15

0.07 |

0.04

0.03

Optimum I
Combination
litter [Local) I

Removed

0 0.06 0.08 0.1 0.12 0.14 0.16

(=]
=
[
o
(=]
B

For /1/ (primary stress) below, the all-features Cy- value is 0.59 in this corpus. The phonetic
features that need removing are jitter (local) and the phonetic features that need retaining are
intensity, formants 1-4, and jitter (local, absolute). This optimised combination generates a
Cur value of 0.58 and the best condition for this phoneme, measured on this speaker and data
group, is this optimised combination as only the singular feature detrimental to performance

was cut. This still does not beat the baseline Cy;- value in this corpus.

260



Change in Cy, values in relation to the Baseline Measurement for /1/ (primary stress) in

Gold et al.’s (2018) WYRED Text-Independent Sub-Corpus
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For /i/ (no stress) below, the all-features Cy,- value is 0.72 for this phoneme. The phonetic
features that need removing are jitter (local, absolute) and formant 2 and the phonetic features
that need retaining are formants 1 and 3-4, intensity, and jitter (local). This optimised
combination generates a Cy- value of 0.69 and the best condition for this phoneme, measured
on this speaker and data group, is the optimised combination. This still does not beat the

baseline Cy- value in this corpus.
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Change in Cy; values in relation to the Baseline Measurement for /i/ (no stress) in Gold

et al.’s (2018) WYRED Text-Independent Sub-Corpus
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For /i/ (primary stress) below, the all-features Cy- value is 0.71 for this phoneme. The
phonetic features that need removing are jitter (local) and formant 1 and the phonetic features
that need retaining are formants 2-4, intensity, and jitter (local, absolute). This optimised
combination generates a Cy; value of 0.68 but the best condition for this phoneme, measured
on this speaker and data group, is the sole removal of jitter (local), however. This generates a

Cur value of 0.68 but does not beat the baseline Cy- value in this corpus.
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Change in Cy, values in relation to the Baseline Measurement for /i/ (primary stress) in

Gold et al.’s (2018) WYRED Text-Independent Sub-Corpus
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For /u/ (primary stress) below, the all-features Cy- value is 0.93 for this phoneme. The
phonetic features that need removing are formant 2 and intensity and the phonetic features
that need retaining are formant 1, formants 3-4, and jitter (local, absolute). This optimised
combination generates a Cy- value of 0.91 and the best condition for this phoneme, measured
on this speaker and data group, is the optimised combination. This still does not beat the

baseline Cy- value in this corpus.
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Change in Cy: values in relation to the Baseline Measurement for /o/ (primary stress) in

Gold et al.’s (2018) WYRED Text-Independent Sub-Corpus
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For /u/ (primary stress) below, the all-features Cy;- value is 0.57 for this phoneme. The
phonetic features that need removing are jitter (local) and the phonetic features that need
retaining are intensity, formants 1-4, and jitter (local, absolute). This optimised combination
still generates a Cy- value of 0.57 and the best condition for this phoneme, measured on this
speaker and data group, is this optimised combination as only the singular feature detrimental

to performance was cut. This still does not beat the baseline Cy; value in this corpus.
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Change in Cy: values in relation to the Baseline Measurement for /u/ (primary stress) in

Gold et al.’s (2018) WYRED Text-Independent Sub-Corpus
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There are some trends to spot here too. The baseline Cy;- value is again the best, jitter

measurements are regularly trimmed again, and the optimised combination is, again,

regularly used at the segment-specific level. However, this time formant 2 is also regularly

trimmed.
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