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Abstract There is significant potential clinical benefit to be gained
in capturing symptom data from individuals with Parkinson’s Disease
(PD). For this purpose, sensor data is often collected. However, labels
(ground truth) data is also beneficial, both to train (supervised learning)
and to validate outcomes from automated monitoring systems. With
the increasing use of voice assistants, this modality has been proposed
for labelling. In this study, we examine some design patterns for voice-
agent-supported labelling, identify failure modes, and make use of the
MDVR-KCL dataset to benchmark a widely used key component, a
speech-to-text pipeline. We identify that this component shows rapid
increase in several error metrics (WER, CER, WIL) when employed on
data from mildly symptomatic participants. We identify some potential
mitigating steps and discuss potential future work.

Keywords: Parkinson’s Disease · Privacy-first engineering · Voice
assistants.

1 Introduction

The increasing use of in-home technology for assistance, support and monitoring,
such as for the aged and for those living with conditions such as Parkinson’s
or Alzheimer’s, has led to an ongoing need for training and validation data to
ensure that these systems are functioning as planned. For this purpose, a broad
swathe of technologies may be used, ranging from paper diaries, tablet, phone or
wearable based questionnaires or voice assistants, through to post-hoc annotation
of identifiable data such as video or audio. It has also led to ongoing concern
about the potential costs and risks surrounding the externalisation of this data
and its processing from the home, since a great deal of the data collected is likely
to be identifying or contain re-linkable features. In recent years, the problem of
privacy-preserving and decentralised approaches to data processing with machine
learning (ML) has received a great deal of attention. For example, federated
learning is often proposed, in which models are trained in-home and in principle



2 E.L. Tonkin and G.J.L. Tourte

may be tuned by comparison to other models by centralising operations on model
weights, rather than raw data and labels. Since the raw data and features do not
leave the home, the residual risk of this data sharing is solely that attached to
the model weights, and is consequentially lower.

In this paper, we examine a subset of the design challenges of building an
affordable, auditable voice assistant suitable for supporting clinical trials within
the home, with a particular focus on participants with Parkinson’s Disease (PD).
Our aim is to assess the current technology readiness of a key component widely
used for open source voice assistants. Ultimately, we restrict our focus to privacy-
friendly, decentralised approach: for the present study, our interest is in voice
assistant implementations in which data does not leave the home (that is, in
which audio is processed via on-device processing entirely within the home).

The paper is structured as follows: we begin by characterising PD, discuss a
number of potential uses of data annotation/labelling, and review potential effects
of the symptoms of PD on the individual’s voice and hence on the technologies.
We then discuss scenarios of use for a voice assistant suitable for data annotation
purposes, drawn from individual and collaborative ideation and refined using a
design-fiction approach to develop scenarios. Our methodology is to make use of
an existing dataset created by King’s College London (KCL) to characterise the
performance of standard components of a voice assistant speech-to-text pipeline
of changes in speech or voice due to PD. This enables us to establish the effects
of performance limitations on the system requirements. In our discussion, we
discuss the methodological limitations of this study and explore further work,
discuss key findings, and briefly review potential mitigations of these issues.

2 Characterising PD

PD is a neurodegenerative disorder. Motor function is impaired, resulting
in symptoms such as slowness of motion or decrease in amplitude of motion
(bradykinesia), tremor, and disturbance to gait and balance [40]. The patient
is likely to experience nonmotor symptoms such as pain [38], and individual
patients report finding a range of symptoms particularly troublesome. Nonmotor
symptoms such as abnormalities of sensation, behavioural changes and sleep
disturbance are also important components of PD [37].

People with Parkinson disease are very likely to have identified, or had others
notice, changes in their speech or voice [16]. In particular, Holmes et al. [22]
identified that people with PD are likely to speak with lower intensity (quieter),
have a breathier voice, and display reduced variation in pitch and loudness
compared to a control group. People with longer disease duration are more
likely to experience higher magnitude of frequency tremor [20]. However, it is
important to be aware that the experiences of people with PD vary widely [12].
There is also evidence that voice self-assessment is complex for people with PD
compared to individuals with general voice disorders [8]. Hence, in this study,
we have chosen to work with a dataset that is labelled via expert assessment.
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PD symptoms are likely to fluctuate [39]. This occurs in the short term, as in
the case of motor fluctuations such as freezing – a sudden and temporary inability
to move – and paradoxic kinesis [15], in which fluid motion is briefly exhibited,
potentially as a consequence of external cueing [28]. Within the day, there is
fluctuation – for example, in gait – potentially due to factors such as depletion of
medication [35]. Additionally, the Hawthorne effect, change in performance due
to the awareness that an activity is observed, is likely to be a factor in short-term
observation of people with PD [33].

The variance described in the previous paragraph adds complexity to ‘snapshot-
based’ evaluation of PD, meaning that ratings such as the Unified Parkinson’s
Disease Rating Scale (UPDRS) have difficulty capturing the full picture [21]. As
a consequence of this complex picture, there is considerable interest in making use
of mobile, pervasive and wearable sensors to characterise the ongoing activities of
people with PD, and in particular, of the symptoms that they experience. This
is perceived as likely to enable a fuller picture of the ebb and flow of symptoms
throughout the day and over time, facilitating evaluation of interventions such as
medication or other therapies.

2.1 Data labelling in PD

In this section, we briefly discuss the challenge of data labelling in PD.
Existing literature shows a wide range of potential approaches to data an-

notation in PD. One popular approach is app-based scripted data collection. For
example, the mPower dataset [5] made use of a smartphone-based app strategy
to implement and record a series of scripted activities, including participants
with and without PD, with the intention of quantifying the fluctuation in PD
symptoms. The activities included were well-chosen for an app-based delivery
mechanism and for the available sensors, and included a memory task, a ‘tapping’
task to assess dexterity, a voice-based task to assess sustained phonation, and a
walking activity involving walking 20 steps in a straight line, turning, standing
still and walking back. However, the IMU data did not receive ground truth
labelling within this task, possibly because there was no convenient mechanism to
achieve this without disrupting the task itself. Similarly, Borzì et al. [4] describe
the use of mobile phone sensors to record a scripted activity, with data recording
started and stopped after each case. As Little [26] summarises the problem:
labelling often requires expert decisions, and hence requires care, potentially
training for the assessor, assessment of inter-rater variability, and a high degree
of ongoing adherence, which may become a significant burden for the labeller.
In-situ labelling also has the potential to disrupt activities, adding a further
burden to the participant: on a very basic level, the need to carry a device with
one and interact with it periodically is itself a burden.

By contrast, Morgan et al. [32] present a taxonomy consisting of a series of
features in PD that may be of interest for annotation, including: activity level and
intensity (walking, sitting, lying down), activities of daily living (e.g. watching
television, food prep, cleaning, chatting,…), global spontaneity of movement
(slowness), gait (from unproblematic independent walking to requiring assistance
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or unable to walk), and level of impairment in the activity of sit-to-stand, going
from a seated position to standing up. These are then labelled using RGB video
data taken from within the home, by a medically trained specialist with support
from other annotators. Such an approach has challenges, notably those related
to the limited field of view of a camera: the body will tend to occlude some
features, especially if the individual is not well placed in front of the camera, and
especially when the activity takes place in a small space.

2.2 The challenge of voice annotation in PD

Partially in response to the challenges of other methodologies, it has been
proposed that voice agents provide a potential solution for data labelling in
the wild in the general case, whether via automated assessment of audio cues
[18], via semi-automated means through interaction with a voice agent [10] or
via straightforward voice-based logging [42]. Audio recording, however, is a
privacy-intrusive approach, and hence there is the potential that at least some
demographics of participant will react negatively to this as a consequence of
privacy concerns, requiring appropriate mitigations to be put in place to safeguard
privacy [17].

From a privacy perspective, voice annotation poses challenges. As Germanos
et al. [19] indicate, typical voice assistants coexist with a wider ecosystem, in
which a large quantity of data, some of which is classifiable as personal data, is
either temporarily or permanently stored outside the user’s immediate physical
context. In particular, commercial voice assistants are increasingly moving toward
LLM-based approaches and cloud architectures rather than on-device processing,
a trend encapsulated by the recent decision by Amazon to discontinue the ‘Do
not send voice recording’ option, meaning that recordings that may previously
have been retained locally are now sent to remote processing venues. Where
medical information is annotated and logged, this may be a greater concern than
for other applications of this technology. Hence, in this paper, we focus on the
challenge of voice annotation using technology situated within the home.

The use of voice assistants for data labelling in contexts such as human activity
recognition is not widely explored, compared to the use of data labelling on voice
commands (in order to improve performance), which is common place, or, in the
case of PD, the analysis of voice recordings to directly assess the progression of PD
symptoms. However, the designer is led to consider the possibility by observing,
firstly, that voice assistants or agents are currently widespread and widely used,
including amongst older adults [2], for purposes such as setting up reminders,
weather information and search; secondly, that the technology is reasonably
mature; thirdly, that voice agents are well-placed for use where the hands and
eyes are busy [23]; and finally, that there is also some anecdotal evidence that the
practice of making use of a voice agent may lead to improvements in the speech
of people with PD [16]. A key question for our purposes is therefore whether the
technology as implemented in the home is adequately mature to support this use
case, and to what extent.
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Figure 1. Simplified architecture for a voice agent

In the following section, we discuss generic interaction scenarios that are
envisaged to be relevant to supporting voice annotation. These are included as a
lens through which to consider the required quality of voice transcription (speech-
to-text). In this paper, we primarily consider participant-initiated information
logging. We acknowledge that more complex patterns may mitigate many quality
concerns. Additionally, patterns that primarily involve information presented by
the voice assistant are likely to be useful in many annotation scenarios, such as
prompting the participant to engage in scripted activities.

3 Samples of design patterns for voice annotation

The methodology used for collecting scenarios was as follows: scenarios of use
for voice annotation in PD are elicited from several sources, including: liter-
ature review; individual and group ideation; symptom-led discussion; clinical
requirements for study data; and a design-fiction approach, using design stories to
elicit and explore potential uses and accompanying concerns and risks. This last
approach may be used informally in technical teams to communicate function-
ality and illustrate perceptions and expectations regarding factors such as user
acceptance, functional constraints and practical risks. While these scenarios will
not be reported in full in this workshop paper, as they are beyond the scope of
this work, we provide a summary of the underlying design patterns here alongside
an illustrative example for each case. By design patterns, we refer to generic,
reusable patterns of dyadic [27] interaction [14] that can take place between
the participant and the voice agent. These generic capabilities define the base
functional requirements for a voice assistant framework in this context.

3.1 Pattern 1: Participant-initiated information logging

Example: Recording events and activities without system prompting.

Human speaker: Assistant name/Wakeword, I’m taking my medication.
Voice assistant (VA): Noted, you took your medication at nine fifty three
AM. I’ll add an entry to the log.

This type of speech act is described by Mahmood et al. [27] as a statement.
The VA’s response indicates that the relevant action is taken and that the
interaction is at an end.
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3.2 Pattern 2: Device-initiated query-response

Example: Activity recognition validation.

Voice assistant [triggered by ML device prediction]: Hey, [participant
name], are you cooking something?
Human speaker: Yes, I’m making lunch. It’s sardines on toast.

This is also potentially useful for many other types of validation task, such
as re-identification, quality of motion and so forth. An informational device-
initiated announcement is also possible that does not expect any kind of
response: for example, a voice assistant announcing that there is a person at
the door, that post has been received or that a device is low on battery and
needs recharging. However, in the context of data annotation it is likely that
dyadic interactions with confirmation will be preferred where possible, principally
because the purpose is usually to elicit information from the participant, and
secondly because this is likely to lead to more robust communication, in that it is
more likely for communication failures to be identified and potentially repaired.

3.3 Pattern 3: Participant-led longer unscripted interaction or
continued conversations

Example: participant chats to device

3.4 Pattern 4: Lengthier scripted interactions, such as completion of
standard movement scripted activities

Example: Device leads participant through several tasks that provide adequate
proxy data for estimating standardised results such as UPDRS score, or device
talks participant through standardised instruments such as the Pittsburgh Sleep
Quality Index (PSQI) test.

3.5 Failure pattern in participant-initiated interaction: system does
not recognise that interaction is occurring

In some cases the system wake word is not recognised, resulting in the voice
assistant failing to process the following statement at all.

It is also possible in device-initiated interactions that the participant will
not recognise that the sound they are hearing is the voice assistant starting an
interaction. Mitigating patterns that are often suggested for this are visual and
audible indicators preceding the utterance to clearly link the utterance with the
source.

3.6 Failure patterns: system misunderstands the participant, or vice
versa

This is a key problem in voice assistant design. Appropriate recovery strategies
are an issue.
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3.7 Key concerns in voice assistant design

While the present study essentially examines feasibility and practicality by
evaluating the performance of a key component, there are further major areas of
concern for us as implementers. The first is usability and user acceptance. For
example, according to Mahmood et al. [27], lag time in response is a significant
concern. Voice assistants frequently implement a ‘wait pattern’ in the event
that queries will take more than a couple of seconds. Similarly, a voice assistant
with a high error rate is likely to frustrate the user, either because it does not
detect that an error has occurred or, to a lesser extent, if it overcorrects [11].
Implementing repair in a domestic voice assistant is beyond the scope of this
study, which aims only to explore the likelihood that such errors occur: however,
we will touch on this topic again in the discussion of this paper. In general, voice
assistants may be viewed as intrusive [36] in privacy terms, and this may affect
user acceptance. Some of the design patterns mentioned above are potentially
disruptive in nature, which, Jamshed, Nurain and Brewer [25] observes, may be
beneficial depending on the precise purpose of use. For example, as Zargham
et al. [43] find, proactivity in voice assistants is preferable during opportune
moments, which implies a certain level of context-awareness in system design.
Perceived appropriateness is of importance: however, in that study, participant
opinions of proactive interventions vary between participants, and there is a
negative correlation between perceptions of usefulness and invasiveness. A further
system feature not examined within this study is identification of the speaker:
speaker identification is a requested feature for home-deployable systems. Again,
a detailed discussion of these concerns is beyond the scope of this study: however,
it is useful to recognise that reduced-quality voice detection, keyword detection
and transcription may have a significant effect on the ability of a system to
achieve the desired design and user acceptance.

The second key subject area for implementers is security and privacy. Although
the technical and organisational concerns of voice assistants are within the scope
of our broader study, detailed discussion is beyond the scope of this paper.
Perhaps the most commonly discussed issue with voice assistant implementations
is the potential to retain data for system improvement purposes [7], for example,
finetuning [30]: there is genuine potential benefit for system users in doing so, yet
the retention of the data, even if appropriate technical and organisational measures
are taken to protect it, raises significant risks for participant privacy. Cheng
and Roedig [6] highlights many concerns with potential uses of participant data
and the need to ensure transparency, such as participant awareness of recording,
the destinations of recordings, and the potential for one’s voice (and data) being
picked up by others’ devices, as well as the possibility for detection of activities
(e.g. laughter, crying, or eating, or indeed medical state, such as a cold [1]), room
characteristics, or even of active audio sensing of room features, occupancy and
so on. Technologies such as speaker recognition offer the potential of access
control on data input and system control, yet these are subject to attacks such as
speech synthesis based on existing samples of data, known as replay attacks[13].
Furthermore, some uses of voice-based annotation for digital health purposes,
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for participants in multi-occupancy homes, for example living with other family
members or friends, have the effect of exposing others in the home to healthcare
data: this may not be desired by participants, for example because there may be
tensions around these topics, or participants may, as Binda et al. [3] describes, be
concerned about causing other family members to worry. Voice assistant use in
these contexts may limit participant control over disclosure, and hence it may be
beneficial to provide parallel solutions, such as an app, according to participant
preference. Crotty et al. [9] find that information sharing practices for older
people are often fluid, designed to maximise autonomy, and that preferences vary
significantly. To summarise, data from voice recordings has the potential for
considerable abuse and information leakage, and the appropriateness of spoken
interaction varies significantly between participants, so practical implementations
of this kind require effective technical and organisational measures to be taken
throughout the design, implementation and deployment processes, as well as
involvement of stakeholder groups (for example, through co-design) to assess and
address concerns.

4 Methodology: assessing performance of voice assistant
software

The key research question on which we focus in evaluating the performance of
voice assistant software for this purpose is: to what extent can we expect voice
assistant software performance to be affected by PD symptoms? For this purpose,
we focus on the performance of the key speech-to-text component (depicted in
fig. 1) – that is, the component that takes arbitrary speech input and attempts
to convert it to text in order to extract commands, store information, or take
other action as described above.

The other key component that may be affected is the problem of wakeword
detection – that is, the system’s ability to recognise when it is being addressed. This
is also an important problem, particularly since wakeword detection often takes place
on the edge – which is to say, on small machines such as ESP32 microprocessors,
which have severe technical limitations. Wakeword failure means that the system
will fail to recognise that it is being addressed, or alternatively that the system will
wake inappropriately (false positive). We acknowledge that wakeword detection is
also an important area, but it is out of scope for the present study.

For the purpose of evaluating the performance of speech-to-text in this context,
we make use of the KCL MDVR-KCL dataset [24], Mobile Device Voice Recordings
at King’s College London (MDVR-KCL) from both early and advanced Parkinson’s
disease patients and healthy controls. This dataset was chosen on several grounds,
including accessibility for reuse, appropriate licensing, compatibility with the
broad aims of the original dataset, and clear and relevant data annotation, in
that the dataset was annotated by subject matter experts for participant UPDRS
scores related to speech characteristics (see discussion of voice self-assessment in
section 2). The MDVR-KCL dataset is recorded using a mobile phone rather than



Assessing voice annotation for participants with Parkinson’s disease 9

(a) (b)

Figure 2. Example of home deployable voice assistant hardware compatible with Home
Assistant (a) Nabu-Casa Home Assistant Voice Preview Edition and (b) Espressif
ESP-32 S3 Box-3

high-quality microphones, which is somewhat analogous to the likely conditions
for use of home-deployed voice assistant hardware (see fig. 2).

This dataset contains voice recordings from sixteen participants with PD,
and 21 healthy control (HC) participants. The dataset contains both scripted
speech and unscripted spontaneous dialogue: for ease of comparison within
this initial study, we focus on the scripted data. Each participant is asked to
read at least one of two readings, ‘The North Wind and the Sun’ and ‘Tech.
Engin. Computer applications in geography snippet’. Each file is annotated
with a pseudonym, a health status label (PD or control), a Hoehn and Yahr
(H&Y) scale rating, a UPDRS II-5 (expert peer-reviewed) score and a UPDRS
III-18 (expert assessed score). To interpret the latter two [41], the UPDRS II-5
assesses speech within ‘activities of daily living’, and rates speech between 0
(Normal), 1 (Mildly affected, no difficulty being understood), 2 (Moderately
affected. Sometimes asked to repeat statements), 3 (Severely affected. Frequently
asked to repeat statements) and 4 (Unintelligible most of the time). The UPDRS
III-18 score assesses speech within the motor examination, and assesses speech
on the following scale: 0 (Normal), 1 (Slight loss of expression, diction and/or
volume), 2 (Monotone, slurred but understandable; moderately impaired), 3
(Marked impairment, difficult to understand) and 4 (Unintelligible). The H&Y
scale is a system for grading severity of PD symptoms, as follows: [31]: 1) minimal
or no functional disability, 2) bilateral involvement, without impairment of
balance, 3) mild to moderate bilateral disease, with some postural instability,
4) severely disabling, still able to walk or stand unassisted, 5) wheelchair bound
or bedridden unless aided.
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In this section, we test the performance of speech-to-text transcription on
these files, as this is a key component of voice assistants in general. We develop
a ground truth for these audio files. We calculate word error rate and processing
time based on a standard setup. We compare several models chosen from
OpenAI’s Whisper. In this manner we aim to assess the technology readiness of
this component to this use case.

4.1 Developing a ground truth

Since the audio files contain extraneous audio before and after the participants’
readings of the texts, the first author made note of the times in which individuals
other than the participant were speaking and stored these for automated cropping.
Following this process, the audio files were manually transcribed by the first
author. Attention was paid to accurate transcription of the participants’ speech.
The second author then reviewed each of these transcriptions for accuracy,
resulting in a consensus ground truth. These timings and transcriptions are
intended for eventual publication, as we feel that they form a useful resource
alongside the existing dataset.

4.2 Scoring speech-to-text output with word, character and match
error rates

Word error rate (WER) and character error rate (CER) are standard metrics
by which to measure the performance of speech recognition systems. Similarly
to the Levenshtein edit distance algorithm, the goal of WER and CER are to
establish the minimum edit distance between the ground truth string and the
hypothesis (e.g. the speech to text system’s ‘guess’ at the correct answer). This
can be understood by the following equation:

error_rate = 𝐼 + 𝐷 + 𝑆
𝑁𝐸𝑅

(1)

where 𝐼 is the number of insertions, 𝐷 the number of deletions, and 𝑆 the number
of substitutions required to generate the hypothesis from the ground truth string,
𝐻 is the number of correct matches and 𝑁 is the overall number of terms: in the
case that word error rate is calculated, 𝑁 is the number of words in the string,
while where character error rate is calculated 𝑁𝐸𝑅 is the number of characters
(𝐻 + 𝑆 + 𝐷). In other words, word error rate is the ratio of the number of errors
to the number of words provided [34].

As an intuitive explanation, comparing a ground truth string of ‘This is a fact’
to a version, ‘This is fact’, we note that one word has been omitted. One word
must be deleted from the ground truth in order to achieve the hypothesis text. If
our hypothesis text has an additional word, e.g. ‘This is indeed a fact’, one word
must be added to generate the hypothesis text. Hence, two identical strings have
an edit distance of zero. The larger the WER or CER, less accurate the system.
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WIL = 1 − 𝐻
𝑁

× 𝐻
𝑃

(2)

The Word Information Lost (WIL) metric attempts to approximate which
proportion of word information is unsuccessfully transmitted, quantifying the
proportion of information lost. This differs from WER in that WER calculates
the cost of reconstructing the input. In the above equation, 𝑃 is the number of
words in the automated transcript.

There are known shortcomings to the use of these metrics for evaluating voice
systems, principally that they do not accurately reflect human perception of the
accuracy of such systems [29]. That is to say, technical error and perception
of error are likely to differ, according to the area of application in which the
technology is used.

4.3 Processing time

When running these models, we have collected processing time as a loose indicator
of relative requirements in terms of processing power and time. We stress that this
does not signify that these models are necessarily slow or that their deployment
will involve lag. It is clear that, in practice, deployment of a larger model with
more parameters will involve making and evaluating suitable hardware choices
prior. Rather, we wish to highlight that deployment cost of the larger models
is accordingly higher, and potentially that there is less pragmatic likelihood of
running these models in a low-power home environment context, such as that
indicated in a private federated learning context. We collect this information
alongside system performance scoring data in order to establish whether there is
clear benefit in deploying the larger models, in this specific user context.

5 Results

5.1 Error in voice annotation by UPDRS score

Unsurprisingly, direct comparison of error metrics between the PD and HC
groupings demonstrates that average performance of models is notably worse in
the former group ( WERPD = 0.16, WERHC = 0.1; CERPD = 0.11, CERHC =
0.07; WILPD = 0.2, and WILHC = 0.12).

A more nuanced picture can be seen by examining the performance of the
system relative to participant UPDRS scores (see fig. 3). As the figure shows, the
speech-to-text system has difficulties dealing with ‘moderately affected’ (level 2)
speech in UPDRS II 5, and significant difficulties with severely affected speech. It
also displays increased error on speech scored as ‘mildly affected’ under UPDRS-
II 5. Concretely, WER increases from 0.09 for those with a UPDRS-II 5 score
of 0 to 0.17 for those with a score of 1, while WIL almost doubles (0.12 and
0.21 respectively). This is interesting, in comparison with the experience of the
annotators participating in this project, who found that as human listeners, speech
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Figure 3. Performance of text-to-speech segmented by Unified Parkinson’s Disease
Rating Scale (a) UPDRS-II 5 score and (b) UPDRS-III 18 score

scored in this way was as comprehensible as that of control participants. This
suggests that the speech-to-text system may be somewhat susceptible to errors
as a result of features of mildly affected speech. A UPDRS-III 18 score of 1 has
relatively little effect: the WER increases only very slightly, as does CER and
WIL. However, a UPDRS-III 18 score of 2 has a significant effect (WER increases
from the range of 0.1 to 0.2 in the case of a score of 0 or 1 to 0.25, whilst WIL
increases from 0.12 to 0.14 [UPDRS-III 18 score of 0 or 1 respectively] to 0.36. A
score of 3 has a similar effect, with WER and WIL exceeding 0.5. Hence, moderate
impairment of speech on the motor examination aspect of UPDRS may be expected
to significantly impair performance of speech-to-text systems of this kind.

It is worth noting that H&Y scores of 0 and 1 are very similar in performance:
indeed, we find that the performance improves very slightly between the two,
an effect that we attribute to variation in demographic and selection strategies
between the groups. However, samples with a H&Y score of 3 experience approx-
imately double the error rate to the baseline, with samples with H&Y of 4 seeing
error rates of around 4 to 5 times the baseline on average depending on metric.

Perhaps the most significant point to take from this analysis is that perform-
ance of speech-to-text systems appears to degrade faster than we might expect,
given the comprehensibility of voice to the human listener. Informally, it is worth
noting that many of the participants in this study, especially in the HC (control)
group, have accents that the annotators viewed as regional or international, and
while this has not been systematically encoded in the study, it is notable that
these accents do not seem to have had similar impact on system performance,
potentially implying that the speech-to-text systems used are more resilient to
accent variation than to PD symptoms.
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Table 1. Performance of Whisper models in control (HC) and PD groups

Model Parameter
Count

Overall
Aggregate

WIL

Performance by Group
PD

WER
HC

WER
PD

CER
HC

CER
PD

WIL
HC

WIL

tiny 39 000 000 0.206 0.197 0.093 0.107 0.042 0.283 0.147
base 74 000 000 0.156 0.142 0.078 0.080 0.038 0.203 0.120
small 244 000 000 0.104 0.105 0.048 0.065 0.030 0.149 0.069
medium 769 000 000 0.108 0.110 0.051 0.073 0.029 0.151 0.075
turbo 809 000 000 0.183 0.256 0.151 0.203 0.123 0.234 0.145
large 1 550 000 000 0.194 0.154 0.172 0.111 0.138 0.196 0.193
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Figure 4. Model average processing time across all segments (mean)

5.2 Model performance in each group

Model performance in each group is summarised in table 1. The best-performing
by each metric in the healthy control group (HC) and the PD group are highlighted
in bold. See the following subsection for further discussion.

5.3 Processing time

As can be seen in fig. 4, the processing time of the larger models is very significant
(e.g. efficient use of these models would require specialised hardware, which likely
involves cloud processing). Fortunately from a privacy perspective, there is
little apparent benefit of using the larger models in this specific context of use.
There is anecdotal evidence that in general voice assistant implementers find the
Whisper Base model to be an adequate compromise between execution speed/
hardware requirements and accuracy. However, given the increased error rate
and information loss identified in this study for participants with PD, it is likely
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that the ‘small’ model would be the better compromise in this population, as
this would provide, for example, a WER only slightly higher than the base model
would produce for input from the control group. In effect, the average WIL
experienced for individuals with PD where a ‘small’ model is used is equivalent
to that experienced by individuals in the control group using the ‘tiny’ model.
However, there are several important caveats to this, which are discussed in the
following section.

6 Discussion

There are some methodological limitations to this study. Principally, the KCL
dataset does not provide demographic data, and therefore it is not possible to
comment on other factors that may confound the findings. For example, the age
range of participants in each cohort is not provided, nor is information provided
about screening regarding other diagnoses or confounding factors, other than
UPDRS/H&Y scoring of the HC participants. Secondly, we have excluded from
the scope of the present paper any detailed examination of the features of the
participants’ voices other than UPDRS scores, and therefore we are not able
to comment within this study on the impact of different features that may be
present in individuals – for example, features detectable via software analysis,
such as variance in amplitude or pitch [22]. We view this as a potentially fruitful
topic for further work. Thirdly, we note that the dataset also has the confounding
feature that the participants are engaging in scripted reads of standard texts.
It is possible that, depending on the selection criteria of the participants, the
control group may be more familiar with this activity, and hence more practised
at reading aloud. As one participant [ID29] states, ‘I’m not used to reading aloud
to people’. There is potential to examine other types of speech – indeed, the KCL
dataset itself includes spontaneous speech. However, this is beyond the scope of
the present study, and may be explored in future work.

Our first finding is that speech-to-text systems display a higher error rate
when processing speech from individuals diagnosed with PD, versus a control
group. While this is to be expected with individuals with relatively severe
PD, the results suggest that mild to moderate PD has a noticeable effect on
transcription error. Our second finding is that, using stock models provided
alongside Whisper, the optimal choice of model in terms of accuracy in this
particular dataset is the so-called ‘small’ model. For users with PD, the error
rate on smaller models is otherwise quite high. However, since this model has
over two hundred million parameters, a device with 2 GB of video RAM is a
reasonable minimum requirement for deployment within the home.

Having established that it is reasonable in general, from the evidence available,
to expect a loss of accuracy when a speech-to-text system is used by a person with
even mild PD versus an individual from a control group, we then question what,
other than larger models and better hardware, may help to mitigate this concern.
One such approach is that proposed by Zheng, Phukon and Hasegawa-Johnson
[44], who demonstrated that fine-tuning may be a beneficial strategy when working
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with dysarthria. As discussed in section 3.7, this is facilitated by the logging and
retention of diagnostic data, including user utterances captured by the system:
however, this significantly impacts participant privacy. Beyond this, an analysis
that takes into account the features of individual speech would be helpful in
indicating in greater detail how features of speech in PD affect the performance
of the speech-to-text system: once their relative significance is understood, it
may be possible to use this information to guide efforts to design systems that
better mitigate these limitations. For example, an improved microphone system
may be an effective mitigation of quiet speech. A further mechanism that may
be beneficial is the development of systems that support and actively engage
in repair: for example, query of indistinct input and correction of erroneously
recorded data or false positives [11].

7 Conclusion

In this study we have discussed design patterns for use of a voice agent designed to
support an individual in annotating their actions, responding to system-triggered
validation requests, interacting and participating in scripted activities. We have
also discussed failure patterns that may occur between the individual and the
device. Using an open dataset of spoken passages including participants with
PD and control participants, we have benchmarked the performance of a key
component of voice agent software, the speech-to-text application Whisper, in
several configurations. In so doing, we have shown that according to standard
error metrics, even mild PD symptoms affecting speech, which do not appear
significant to comprehensibility of the audio to human annotators, appear to
have a significant effect on the performance of this tool. We note that this can
be partially countered by making use of the ‘base’ model, although this increases
the hardware requirements of home installations of this software.

The question of the suitability of this approach for collecting speech annotation
data in the wild still remains to be answered. We would argue that there are
several facets to this question: there is the engineering challenge, of building a
system that performs as optimally as possible in the intended context of use on
both the hardware and software levels. There is the human-interaction challenge
of building a system that supports the participant in repairing interactions
when error occurs and minimises the frustration of systems that are prone
to error. Finally, there is the broader question of the suitability of speech
and interaction as a medium for annotating the types of information that are
commonly labelled in PD, and the extent to which these actions or activities
are susceptible to self-annotation by participants: the use of augmentative and
alternative communication methods (AAC) is often recommended, and it is likely
that exploring these approaches may be a useful direction for future research.
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