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ABSTRACT

Purpose: Accurate assessment of speech intelligibility is critical for children with
dysarthria secondary to cerebral palsy. Traditional assessment methods, such as
human listeners’ orthographic transcription and perceptual ratings (e.g., of ease of
understanding [EoU]), are time consuming or subjective. Automatic speech recogni-
tion (ASR) may provide a more efficient, objective alternative, but its use for asses-
sing intelligibility in this population is unexamined. This study evaluated the poten-
tial of ASR for intelligibility assessment in children with dysarthria and identified the
most appropriate ASR systems for approximating human listeners’ judgments.
Method: Five ASR systems transcribed speech samples from 20 children with
dysarthria. Additionally, 168 adult listeners provided orthographic transcriptions
and EoU ratings. Word recognition rate (WRR) was used as the metric for calcu-
lating ASR and human listeners’ transcription accuracy. Spearman correlations
were used to assess the relationship between ASR WRR and human WRR, as
well as between ASR WRR and human EoU ratings.

Results: The WRR yielded by four ASR systems (WhisperX-small, WhisperX-
medium, WhisperX-large, and Google Cloud) showed strong correlations with
human WRR, with WhisperX-medium demonstrating the strongest correlation.
These four systems’ WRRs also exhibited moderate-to-strong correlations with
EoU ratings, with Google Cloud ASR showing the strongest correlation. In con-
trast, the WRR of Wav2Vec2 demonstrated a weak correlation with both human
WRR and EoU ratings.

Conclusions: ASR shows promise for use in intelligibility assessment in children
with dysarthria. Of the tested ASR systems, WhisperX-medium appears most
promising for approximating human transcription accuracy, whereas Google
Cloud ASR aligns best with perceptual ratings. Such differences in ASR perfor-
mance highlight the need for careful system selection in clinical applications.
Supplemental Material: https://doi.org/10.23641/asha.31397457

Cerebral palsy (CP) is the most common neuromo-
tor disorder in children, affecting approximately one in
350 children (Centers for Disease Control and Prevention,
2020). The motor speech disorder of dysarthria is present in
the majority of these children and is associated with reduced
speech intelligibility (Allison & Hustad, 2018; Hustad, 2008;
Mei et al., 2020). Because intelligibility impairments can neg-
atively impact communication in children with dysarthria
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due to CP (henceforth, children with dysarthria) in ways that
may limit their social and educational engagement, increas-
ing speech intelligibility is a fundamental treatment goal for
this population (Hustad, 2008; Levy et al., 2021; Mei et al,,
2020). Given the pivotal role of intelligibility in determining
successful communication, accurate measures of children’s
intelligibility are essential for assessment and for determining
any treatment-related gains (Miller, 2013).

Speech intelligibility in dysarthria is typically assessed
through human perceptual evaluation (Allison, 2020; Hustad,
2008). Two primary human assessment measures often imple-
mented are orthographic word transcription accuracy and
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perceptual ratings. Human listeners’ transcription accuracy,
considered the gold standard and most objective measure of
intelligibility (Hustad, 2006), requires listeners to write the
words they believe they heard. Intelligibility is generally mea-
sured in terms of the percentage of words correctly tran-
scribed (Hustad, 2008; Levy et al., 2017). Perceptual ratings,
in contrast, involve listeners judging the ease of understand-
ing (EoU) or related qualities of speech (Allison, 2020;
Fletcher et al., 2017; Landa et al., 2014; Levy et al., 2017,
2021). Additionally, human judgments of intelligibility,
including visual analog scale (VAS) ratings and percent esti-
mates, are widely used in both clinical and research settings
(Abur et al., 2019; Hustad, 2006; Levy et al., 2017, 2021,
Stipancic et al., 2016; Tjaden et al., 2014). Advantages of
ratings and percent estimates include their ease of adminis-
tration and minimal time requirements (Abur et al., 2019;
Hustad, 2006). Human listeners’ transcription accuracy and
perceptual ratings can complement each other, as transcrip-
tion accuracy quantifies the percentage of words correctly
understood, while ratings reflect broader listener experiences,
such as the perceived effort needed to decode the speech.

Despite their respective advantages, both measures
have significant drawbacks. In research, human perceptual
evaluation entails significant time spent on preparing speech
samples for listeners, recruiting and testing listeners, and
analyzing their ratings and/or transcriptions (Allison, 2020;
Atkins et al., 2019; Jiao et al., 2019). Additionally, factors
such as listeners’ familiarity with the speaker, dysarthria, or
test materials, as well as their age, hearing, and attitude,
can impact both transcriptions and ratings (Borrie et al.,
2012; Miller, 2013). Furthermore, determining transcription
accuracy can require testing numerous listeners to minimize
learning effects from repeated exposure to the same utter-
ances (Tu et al., 2016). In fact, the extensive time and
resources required for transcription and its analysis may be
prohibitive for clinical practice and research (C. B. Fox
etal., 2021; Xu et al., 2014).

While perceptual ratings are more commonly used in
clinical settings because of their greater efficiency, they have
been criticized for being more subjective and less reliable
than transcription accuracy (Kreiman & Gerratt, 1998;
Miller, 2013). Variability in listener attitudes, sensitivity to
particular speech distortions, and difficulty assigning a single
rating to fluctuating intelligibility contribute to this subjec-
tivity, along with “listeners’ individual internal yardsticks”
(Miller, 2013, p. 603) for severity measurement. However,
perceptual ratings have shown strong correlations with tran-
scription accuracy, suggesting that ratings may serve as a
reasonable alternative for assessing dysarthric speech (Abur
et al., 2019; Stipancic et al., 2016; Tjaden et al., 2014).

Given the limitations of traditional human-based assess-
ment, there is growing interest in leveraging communication

technology to streamline the assessment process, particularly
through the use of automatic speech recognition (ASR) sys-
tems as an alternative for evaluating intelligibility in clinical
populations. Two main categories of ASR systems are (a)
speaker-independent ASR systems and (b) personalized ASR
systems, such as speaker-adaptive or speaker-dependent sys-
tems (Rowe et al., 2022). Most speaker-independent systems
are commercially available to the public. Such systems include
platforms such as Siri, Amazon Alexa, and Google Home. In
contrast, personalized ASR systems such as Dragon or Cortana
(e.g., Microsoft, 2020; Nuance, 2020) are designed for a specific
user or population.

Currently, speaker-independent ASR systems dem-
onstrate lower transcription accuracy for individuals with
speech impairments than for neurotypical speakers (De
Russis & Corno, 2019; Gutz et al., 2022; Schultz et al.,
2021)." For instance, Schultz and colleagues suggested that
while ASR transcription accuracy is lower for individuals
with impaired speech, especially those with neurodegener-
ative conditions, such as multiple sclerosis (MS) and
Friedreich’s ataxia (FA), than for neurotypical adults, per-
sonalized ASR systems tailored to specific speech disorders
could be trained to improve their transcriptions. Moreover,
such systems show better performance than speaker-
independent ASR systems, especially in recognizing severely
dysarthric speech (Green et al., 2021). While personalized
ASR systems offer better accuracy for individual users,
their customization may limit generalizability in clinical set-
tings (Yilmaz et al., 2019). Thus, despite their limitations,
current speaker-independent ASR systems can provide
immediate transcriptions that may support continuous moni-
toring of intelligibility and aid in assessing treatment efficacy
(Gutz et al., 2023; Tobin et al., 2024). Given their ease of
implementation and broader applicability, this study focuses
on speaker-independent ASR systems, which are more feasi-
ble to apply across speakers, are without extensive customi-
zation, and hold greater potential for implementation in clin-
ical speech assessment.

Various speaker-independent ASR systems have
been evaluated for their transcription accuracy and poten-
tial clinical use for adult speech. Schultz et al. (2021)
tested the performance of Amazon Web Services, Google

"Regarding terminology, word error rate (WER) is a standard mea-
sure of transcription performance reported in many ASR studies
(e.g., C. B. Fox et al., 2021; Tetzloff et al., 2024; Tu et al., 2016).
ASR transcription accuracy, which may be more intuitive than WER
in clinical settings, is the complement of WER. For example, ASR
transcription accuracy of 90% reflects a WER of 10%. For consis-
tency and interpretability, we refer primarily to “ASR transcription
accuracy” throughout this article. An additional term, word recogni-
tion rate (WRR; Gutz et al., 2022) denotes a metric for both ASR
and human transcription accuracy, detailed in the Method section. We
use the term WRR when describing transcription accuracy calculations.

Choi et al.: ASR for Childhood Dysarthria 1439



Complimentary Author PDF: Not for Broad Dissemination

Cloud, and IBM Watson ASR platforms for speech pro-
duced by adults with neurodegenerative diseases, including
MS and FA. Amazon and Google outperformed IBM Wat-
son in accuracy, suggesting that some ASR systems may be
better suited than others for handling the complexities of
impaired speech. Similarly, Jacks et al.’s (2019) comparison
of IBM Watson and Google Cloud ASR for transcribing
the speech of adults with aphasia secondary to stroke
revealed strong correlations between ASR and human lis-
teners’ transcription accuracy, highlighting ASR’s potential
as a tool to approximate human transcriptions. Furthermore,
Rodrigues et al. (2019) compared Google, Bing, and Nuance
ASR systems in various noise conditions and distances from
neurotypical speakers of various ages. Google consistently
outperformed the other systems, demonstrating greater
robustness to noise and age-related speech variations, sug-
gesting that Google is the most reliable ASR for neurotypi-
cal speech in diverse environments.

The performance of ASR systems can be evaluated
based on two key metrics: the system’s success in tran-
scribing what the speaker intended to say (i.e., ASR tran-
scription accuracy) and its success in aligning with human
listeners’ perceptual assessment (i.e., comparability). The
measure of ASR transcription accuracy itself provides
information on the system’s ability to recognize spoken
words (Schultz et al., 2021; Tetzloff et al., 2024) and can
be useful for determining its appropriateness for generat-
ing speech-to-text input for augmentative and alternative
communication (AAC), for example. In contrast, compa-
rability, examined through the correlation of ASR tran-
scription accuracy with human listeners’ transcription
accuracy or ratings, provides insight into ASR’s potential
for approximating humans’ experience in decoding speech.
Thus, comparability is essential for determining ASR’s
potential as a tool for assessing a speaker’s intelligibility
in communication with other humans (Gutz et al., 2022;
Jacks et al., 2019; Tu et al., 2016).

The comparability of ASR systems with human lis-
teners has been examined for the speech of adult clinical
populations. Very high correlations between ASR and
human transcription accuracy (Spearman p = .96-.98)
were observed when IBM Watson was used to transcribe
speech from individuals with aphasia and/or apraxia of
speech secondary to stroke (Jacks et al., 2019). Similarly,
Google Cloud ASR performed comparably to human lis-
teners in transcribing speech from adults with Parkinson’s
disease (PD) in noise, with a probability of .80 of match-
ing or outperforming the average listener (Moya-Galé
et al., 2022). Moreover, Tu et al. (2016) found strong cor-
relations (Pearson r = .68-.84) between ASR transcription
accuracy and human perceptual ratings of the speech of
adults with various subtypes of dysarthria across domains,
including overall speech severity, articulatory precision,

nasality, vocal quality, and prosody. These findings sug-
gest that ASR can approximate human perception of the
speech of adults with communication disorders, highlight-
ing its potential as an efficient and objective tool for asses-
sing intelligibility of adults in clinical settings.

Building on advancements in ASR applications for
evaluating dysarthric speech in adults, researches have
shown growing interest in extending this technology to
pediatric populations. However, children’s speech presents
distinct physiological, linguistic, and acoustic challenges
that need to be addressed to achieve optimal transcription
and intelligibility assessment. While state-of-the-art ASR
systems for neurotypical adults achieve high transcription
accuracy (approximately 99%; Shakhadri et al., 2025), ASR
performance for typically developing children is lower, with
transcription accuracy averaging approximately 91% (Attia
et al., 2024). The discrepancies between ASR performance
for the speech of adults and children are largely attributed
to children’s higher fundamental and formant frequencies
(Wilpon & Jacobsen, 1996) and underdeveloped phonemic
systems (Yeung & Alwan, 2018).

Much of the existing ASR research on pediatric clin-
ical populations has evaluated how accurately ASR systems
transcribe speech rather than how closely ASR output aligns
with human listeners’ perception (comparability). For exam-
ple, C. B. Fox et al. (2021) evaluated Google Cloud Speech
for transcribing narrative language samples from school-age
children with developmental language disorder. Notably,
transcriptions generated by ASR were more accurate and
yielded more reliable language sample analyses, including
measures of intelligibility and disfluency, compared to those
provided by two groups of human listeners (speech-language
pathologists [SLPs] and trained transcribers) who transcribed
the samples in real time. Furthermore, Gale et al. (2019)
fine-tuned ASR models using spontaneous language samples
from children with autism spectrum disorder, increasing
ASR transcription accuracy from 69% to 74%.> Such work
has helped lay critical groundwork for more efficient, child-
centered ASR applications, such as intelligibility assessment
and automated language analysis. These studies indicate
growing interest in applying ASR to pediatric clinical popu-
lations, an important first step toward evaluating its utility
for intelligibility assessment.

However, as described above in studies of adults,
evaluating ASR transcription accuracy alone may not rep-
resent speakers’ intelligibility as experienced by human lis-
teners. This is particularly the case when the speakers are
children, whose phonological and articulatory patterns are

Fine-tuning refers to adapting a pretrained ASR system to a smaller,
domain-specific labeled data set so that it better captures the linguistic
and acoustic features of the speech of that population, thereby improv-
ing transcription accuracy (Gale et al., 2019; Yang et al., 2022).
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highly variable during development. Not surprisingly, different
challenges arise for ASR versus for human listeners in decod-
ing children’s speech. For example, while ASR systems depend
heavily on acoustic patterns, which are highly variable in chil-
dren, human listeners integrate contextual, prosodic, and
semantic cues, as well as their expectations of children’s pho-
nological processes, to make sense of less precise productions
(Meylan et al., 2023). In contrast, human listeners’ perception
of intelligibility of the speech of children with speech sound
disorders might be negatively affected by what they perceive
as the “oddness” of the children’s atypical speech (Strombergs-
son et al., 2021), whereas ASR is not affected by such social
constructs. Thus, evaluating ASR’s comparability to human
listeners’ perception (i.e., comparing ASR transcription accu-
racy to listeners’ transcription accuracy and to perceptual rat-
ings) may offer a more clinically meaningful metric of commu-
nication success, representing human listeners’ experience in
communication than simply assessing ASR transcription accu-
racy. This is particularly important for pediatric populations,
where speech is more variable and listeners’ knowledge and
judgment play key roles in intelligibility assessment.

Therefore, comparability studies that examine how
closely ASR aligns with human perception are most clini-
cally relevant for intelligibility assessment. To date, only a
few studies have explored ASR’s perceptual comparability
in pediatric clinical populations. For instance, Maier et al.
(2006) found strong negative correlations (Cohen’s «
ranged from —.85 to —.90) between ASR transcription accu-
racy and expert listener ratings of speech severity in children
with cleft lip and palate. This negative relationship indicates
that as ASR accuracy decreased, expert-perceived severity of
speech impairment increased. Similarly, Lilley et al. (2014)
evaluated the relationship between ASR-derived scores and
human listener scoring using a closed-set word identification
task (i.e., identifying the correct words from a list of 12 pho-
netically similar choices) from the speech productions of chil-
dren with normal hearing and hearing impairment. They
reported strong agreement between ASR scoring and listener
identification scoring. These findings indicate that ASR may
have the potential to approximate human listeners’ percep-
tual assessment in certain populations of children with
speech disorders.

Despite promising research on ASR for the speech
of children with various disorders, its potential for asses-
sing intelligibility in children with dysarthria remains
unknown. The speech features of dysarthria in children,
including imprecise articulation, variable intensity, reduced
prosodic control, and high variability across productions
(Allison & Hustad, 2018), may pose particular challenges
for ASR systems, indicating the need for studies evaluating
ASR’s alignment with human perception of their speech.
Therefore, determining the potential of current ASR systems
for intelligibility assessment of children with dysarthria may

be an essential first step to improving the efficiency of
assessment and intervention practices for this population.
Nonetheless, current speaker-independent ASR systems
often face challenges with the high acoustic variability of
children’s speech and may perform particularly poorly for
children with severe speech impairments. These limitations
highlight the need to interpret ASR outcomes cautiously
and to evaluate not only ASR’s accuracy but also its align-
ment with human listeners’ perception.

Current Study

This study evaluated the potential of ASR technol-
ogy for assessing the speech intelligibility of children with
dysarthria due to CP by determining ASR’s comparability
with human listeners’ perception. ASR transcription accuracy
was compared to the gold standard measure of human lis-
teners’ orthographic transcription accuracy (Hustad, 20006)
and to commonly implemented perceptual VAS ratings (Abur
et al.,, 2019; Levy et al., 2017, 2021; Stipancic et al., 2016;
Tjaden et al., 2014).

Our first aim was to determine the relationship
between ASR transcription accuracy and human listeners’
transcription accuracy of the speech of children with dys-
arthria. To investigate this, speech samples from children
with dysarthria were transcribed by five ASR systems (i.e.,
Google Cloud, Wav2Vec2, WhisperX-small, WhisperX-
medium, WhisperX-large) and 168 human listeners. ASR
transcription accuracy was compared to human listeners’
transcription accuracy to assess the degree of alignment. It
was hypothesized that ASR transcription accuracy would
show moderate-to-strong correlations with human listeners’
transcription accuracy (Gutz et al., 2022; Jacks et al.,
2019), supporting its potential for intelligibility assessment
in children with dysarthria. However, given previous find-
ings in adults with dysarthria (De Russis & Corno, 2019;
Gutz et al., 2022; Jiao et al., 2019; Tu et al., 2016), ASR
was expected to transcribe dysarthric speech with lower
accuracy than human listeners (Gutz et al., 2022). It was
hypothesized that the transcription accuracy yielded by
Google Cloud would show a stronger correlation with
human listeners’ transcription accuracy than would the
transcription accuracy yielded by the other four ASR sys-
tems (Gutz et al., 2022), suggesting the potential of Google
Cloud as the most appropriate ASR system for approxi-
mating human transcription in this population.

Our second aim was to determine the relationship
between ASR transcription accuracy and human percep-
tion of intelligibility, specifically listeners’ EoU ratings
(Fletcher et al., 2017; Landa et al., 2014; Levy et al.,
2017, 2021). It was hypothesized that, in all five ASR sys-
tems, ASR transcription accuracy would strongly correlate
with human EoU ratings, suggesting that ASR could serve
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as an efficient, objective tool for estimating intelligibility as
perceived by a listener (Tu et al., 2016). With regard to the
five ASR systems investigated, it was hypothesized that
Google Cloud would be the best proxy for human listeners
for rating the speech of children with dysarthria in that its
transcription accuracy would show the strongest correlation
with human EoU ratings (Gutz et al., 2022; Tu et al., 2016).

Method

This study was approved by the institutional review
board (IRB) at Teachers College, Columbia University,
New York City (IRB Nos. 24-394 and 24-287). Prior to
beginning the study, child participants provided assent,
and their parents provided consent. Adult listeners also
provided informed consent online.

Participants

Children With Dysarthria

A total of 20 children (seven girls, 13 boys) with
dysarthria due to CP were included in this study. All chil-
dren were participants in an ongoing study on intelligibil-
ity and intervention in children with dysarthria. All had
been diagnosed with CP by a neurologist. The children
ranged in age from 4;6 to 17;5 (years;months), with a
mean age of 9;7. Dysarthria was diagnosed in all partici-
pants by three experienced SLPs, who independently
reviewed audio and video recordings of each child. Dysar-
thria diagnosis was based on notable speech deficits across
at least two speech subsystems (e.g., short breath groups
for speech, strained vocal quality, imprecise articulation,
hypernasality, reduced speech rate, and monotone speech;
Allison & Hustad, 2018; Levy et al., 2021), supported by
associated confirmatory signs, including abnormal orofa-
cial and respiratory movements. Pure phonological disor-
ders, childhood apraxia of speech, and other speech disor-
ders were ruled out based on the children’s speech charac-
teristics (Levy et al., 2017, 2021). The SLPs reached 100%
agreement on the presence of dysarthria. Additional inclu-
sion criteria were the use of speech as the primary commu-
nication modality, passing a bilateral hearing screening at
20 dB HL (at 500, 1000, 2000, and 4000 Hz), the ability
to follow simple directions, and English as the dominant
language. Participant characteristics, including Gross Motor
Function Classification System scores and language com-
prehension skills, are listed in Table 1. Receptive language
skills were assessed using selected subtests from either the
Clinical Evaluation of Language Fundamentals—Fifth
Edition (Wiig et al., 2013) or the Test for Auditory
Comprehension of Language-Third Edition (Carrow-
Woolfolk, 1999). It is important to note that most stan-
dardized language tests are normed on children with

typical development. Thus, such tests may not fully capture
the receptive language abilities of children with CP, in part
because many children with CP also experience visual defi-
cits, motor difficulties with pointing, and other challenges
(Hustad et al., 2012; Levy et al., 2017, 2021).%

Human Listeners

A total of 168 American-English-speaking adult lis-
teners (86 women, 82 men), aged 18-40 years (M =
29.2 years, SD = 6.12), participated in a listening task via
the crowdsourcing website Prolific Academic (Palan &
Schitter, 2018). Exclusion criteria were a history of speech,
language, or hearing disorders, as well as long-term health
conditions or disabilities besides CP.

ASR Systems

Five speaker-independent ASR systems, including
both open-source and commercial systems trained on
diverse speech data sets, were evaluated for their compara-
bility to human listeners in assessing speech intelligibility in
children with dysarthria. Three types of speaker-independent
ASR systems were evaluated in this study: open-source, self-
supervised, and commercial. The open-source systems
included three variants of WhisperX (i.e., WhisperX-small,
WhisperX-medium, and WhisperX-large) transformer-based
models, fine-tuned for automatic speech transcription (Bain
et al., 2023). WhisperX has demonstrated strong perfor-
mance in transcription accuracy for decoding disfluent
speech (Tetzloff et al., 2024).* The three different WhisperX
model sizes tested (small, medium, large) reflect a trade-off
between computational efficiency and transcription accu-
racy. Larger models typically achieve higher accuracy but
require greater computational resources (e.g., memory, hard-
ware capacity) compared to smaller models (Graham &
Roll, 2024; Ma et al., 2024; Teleki et al., 2024). The fourth
ASR system tested was Wav2Vec2, a widely used, self-
supervised ASR system, which learns to recognize speech
patterns by analyzing large amounts of unlabeled audio
rather than using explicit speech-to-text pairs. Because it is
trained on unlabeled speech, Wav2Vec2 captures general
acoustic—phonetic representations but may require fine-tuning
on clinical speech to achieve strong performance (Baevski
et al., 2020; Tetzloff et al., 2024). This system has been used

3Speech data were also collected from children with typical develop-
ment but are not reported in the present study, which aimed to deter-
mine the potential of ASR for approximating human judgments of
intelligibility of the speech of children with dysarthria.

“Disfluent speech here refers to interruptions in the flow of speech,
including interjections (e.g., “um,” “uh”), parentheticals (e.g., “You
know,” “I mean”), and edited speech (e.g., revisions or restarts).
These interruptions can serve various communicative functions, such
as signaling delays in speech processing or reflecting difficulties in
speech production (Teleki et al., 2024).
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Table 1. Demographic and language characteristics of children with dysarthria due to cerebral palsy (CP).

Receptive language test
Age (years; Percentile
Child months) Sex CP type GMFCS | Dysarthria severity Test rank Interpretation
CPO1 4;6 F Spastic hemiplegia | Moderate-to-severe TACL 91st Above average
CP02 5,7 M Spastic quadriplegia I\ Moderate TACL < 1st Very poor
CPO03 5;11 F Spastic diplegia I\ Moderate TACL 73rd Average
CP04 6;8 M Ataxic diplegia 1l Mild-to-moderate TACL < 1st Very poor
CPO5 71 M Spastic triplegia I\ Moderate-to-severe TACL 9th Below average
CPO06 7;7 F Spastic hemiplegia I\ Mild-to-moderate n/a n/a Average?®
CPO7 7;8 M Spastic diplegia I Moderate TACL 9th Below average
CPO08 8;3 F Dyskinetic—hypotonic I Moderate TACL 37th Average
CP09 8;8 M Spastic diplegia I Mild TACL 37th Average
CP10 9;1 F Spastic hemiplegia Il Mild TACL 25th Average
CP11 9;6 M Ataxic diplegia | Moderate TACL < st Very poor
CP12 10;2 M Spastic triplegia 11l Moderate TACL 37th Average
CP13 10;8 M Spastic quadriplegia \ Moderate CELF 0.5th Poor
CP14 11;0 M Spastic quadriplegia \ Mild-to-moderate TACL < 1st Very poor
CP15 11;3 M Spastic hemiplegia | Moderate CELF 95th Above average
CP16 11;8 M Spastic diplegia 11l Severe TACL 5th Poor
CP17 12;1 M Spastic quadriplegia \% Mild CELF 25th Below average
CP18 13;4 F Spastic quadriplegia I\ Mild-to-moderate CELF 0.4th Poor
CP19 14;11 M Spastic quadriplegia, \" Severe CELF 0.4th Poor
epilepsy, VP shunt
CP20 17;5 F Spastic hemiparesis | Severe CELF 50th Average
Note. GMFCS rating: | = no/mild impairment, V = severe impairment. GMFCS = Gross Motor Function Classification System (Palisano

et al., 1997); F = female; TACL = Test for Auditory Comprehension of Language; M = male; CELF = Clinical Evaluation of Language Funda-

mentals; VP = ventriculoperitoneal.

8Language test recording was not available (n/a) for this child; however, based on responses to questions in language sample, receptive lan-
guage was judged by three speech-language pathologists to be age appropriate.

to assess speech in individuals with primary progressive
apraxia of speech, showing strong correlations between
apraxia severity and ASR transcription accuracy (Tetzloff
et al., 2024). Finally, the fifth ASR system tested was Google
Cloud ASR, a proprietary system optimized for real-world
transcription tasks (Google LLC, 2020). This system has been
used to evaluate intelligibility and speech severity in individuals
with amyotrophic lateral sclerosis (ALS), demonstrating strong
correlations with human transcriptions (Gutz et al., 2022), and
in individuals with PD (Moya-Galé et al., 2022). Unlike Wav2-
Vec2, the WhisperX and Google Cloud ASR systems are
trained on paired audio-text data sets, providing direct word
mappings between acoustic input and linguistic output. Includ-
ing this range of systems allowed us to evaluate both widely
used research models and real-world applications, as well as to
explore trade-offs between accuracy and usability.

Speech Samples

Speech Stimuli
A total of 14 phrase and sentence stimuli were
included in this study. Eleven phrases and sentences ranging

from four to seven words in length from the Test of Chil-
dren’s Speech (Hodge et al., 2007) were selected for the chil-
dren of all dysarthria severity levels to produce. These stim-
uli are developmentally appropriate for young children in
terms of lexical, phonetic, syntactic, and morphological com-
plexity (Hodge et al., 2007). Additionally, three sentences
ranging from four to seven words in length (i.e., “Buy
Bobby a puppy,” “The blue spot is on the key,” and “The
potato stew is in the pot”) were selected for their range of
vowels and consonants (Weismer, 1984) for the current study
and for future phonemic-level analyses of ASR transcription
performance. The sentences contain simple words with some
early-developing speech sounds. A total of 280 recordings of
phrases and sentences were collected (20 Children x 14
Utterances).

Speech Recording Procedure

The children with dysarthria participated in a single
recording session held in a quiet room at Teachers Col-
lege, Columbia University (see Levy et al., 2017, for
detailed recording procedure). Because vocal intensity is a
key variable in intelligibility (C. M. Fox & Boliek, 2012;
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Levy et al., 2020; Svec & Granqvist, 2018), a calibration
procedure was performed to maximize the accuracy of
sound pressure level (SPL) measurement for later replica-
tion in the listening task. During calibration, the experi-
menter audio-recorded a pure tone produced by a tuner
(OT-120, Korg Orchestral) positioned 8 cm away from a
sound-level meter (Galaxy Check Mate CM-140) and
noted the tone’s SPL as indicated on the sound-level
meter. For the recording, a Countryman EMW Lavalier
microphone was attached to the child’s forehead, posi-
tioned 8 cm from the child’s lips by means of a headband.
Speech recordings were made with Sound Forge 17.0 soft-
ware (VEGAS Creative Software) on a Dell OptiPlex
7090 computer, connected via a Scarlett 2i2 audio inter-
face (Focusrite 2 x 2 USB2). The input dial setting was
kept constant throughout the study. The children’s speech
was recorded at a sampling rate of 22050 Hz with 16-bit
resolution in mono.

Tasks

Children’s Speech Task

During the speech recording session, the children with
dysarthria were asked to repeat the target phrases produced
by a model speaker. These phrases were presented through
loudspeakers (Altec Lansing ADA 215) placed at a consis-
tent distance of 30 cm from them (Hall et al., 1968). The
model speaker for the recordings was a female adult native
of American English from the New York City area.

Adults’ Listening Task: Human Orthographic
Transcription and EoU Ratings

In order for listeners to evaluate the children’s speech
recordings, a total of 586 naive listeners were recruited via the
crowdsourcing website Prolific (Palan & Schitter, 2018).
Crowdsourcing has been validated for listener testing in previ-
ous research, demonstrating consistency with in-lab testing
results and offering a cost-effective and scalable approach to
data collection (Jiao et al., 2019; McAllister Byun et al., 2015;
Stipancic et al., 2025). Listeners accessed the testing via Prolific
and were asked through written instructions to sit in a quiet
environment, without wearing headphones (to be more repre-
sentative of real-world environments), positioned 30 cm from
the loudspeaker of their computer. They were further instructed
to download SoundMeter X, a sound-level meter app found to
be one of the most accurate and reliable (Kardous & Shaw,
2014), on their phone and place their phone 8 cm (3 in.) from
the left loudspeaker of their computer, in order to maintain a
consistent calibration position across listeners.

The following listener calibration process was designed
to replicate the original SPL of the child’s speech (Hwang
et al., 2022; Svec & Granqvist, 2018). First, listeners were
instructed to click on an arrow to play a pure tone. The

SPL of this tone matched the original pure-tone SPL that
had been measured (at 8 cm from the sound-level meter)
during the speech recording calibration procedure. The lis-
teners were then instructed to adjust their computer’s volume
until their phone’s sound-level meter app displayed the corre-
sponding target SPL. For example, if the original pure tone
was recorded at 70 dB SPL, listeners were presented with
the tone and asked to adjust their computer’s volume until
their phone app displayed 70 dB SPL. In subsequent calibra-
tion steps, listeners were asked to measure the SPL of three
additional pure-tone sound files (40-80 dB SPL) using the
same app. For each step, they typed the most stable dB SPL
reading into the testing interface. Listeners were given unlim-
ited attempts, but progression to the next step was restricted
until the entered dB SPL values fell within a predetermined
acceptable range of +1 dB (Svec & Granqvist, 2018), opti-
mizing accurate calibration before beginning the listening
session. Because the calibration tones spanned a wide range,
it was highly unlikely that listeners would guess the dB SPL
values. Only listeners who successfully completed all four
calibration steps accurately were able to proceed. They were
subsequently instructed to not adjust their speaker volume
during the perceptual task so that listening conditions would
be consistent throughout the experiment.

The listening session began with a familiarization
task, in which listeners completed a brief practice session
to become accustomed to the task format. For this task,
they transcribed (orthographically) four speech samples
from a child with dysarthria whose recordings were not
included in the main experiment. Following the familiari-
zation task, listeners proceeded to the experimental listen-
ing tasks. The instructions for the experimental task were:
“Type the words you think the child said” for ortho-
graphic transcription. Listeners first heard the recorded
speech produced by a child with dysarthria and were then
instructed to type the words. They were permitted to play
the speech sample no more than twice. For the EoU rat-
ing task, the experiment’s instructions were: “How easy
was the phrase/sentence to understand?” The listeners were
instructed to rate how easy the phrase/sentence was to
understand by sliding a marker along a VAS, with anchor
points from difficult to easy (Levy et al., 2017, 2021). For
intrarater reliability assessment, 20% of the sentences were
randomly selected and replayed to listeners during the task
(Allison & Hustad, 2018; Levy et al., 2017).

Of the 586 individuals who initiated the study, 168
completed the full listening task, with many exiting during
the calibration phase. As considered in the Discussion sec-
tion, this attrition may have been due to the added step of
downloading an external app and setting up the environ-
ment, rather than confusion or poor usability. However,
each child’s speech was ultimately rated by an average of
nine listeners, a sample size consistent with prior
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crowdsourcing research demonstrating that valid speech
ratings can be obtained with approximately nine listeners
per speaker (McAllister Byun et al., 2015). Post-task feed-
back from participants who completed the study indicated
that the instructions were clear and easy to follow.

Transcription Generation Task: ASR Transcription

For ASR transcription generation, the five speaker-
independent ASR systems (WhisperX-large, WhisperX-
medium, WhisperX-small, Google Cloud ASR, Wav2Vec2)
were employed. These systems converted the spoken utter-
ances of the children into written transcriptions.

Analysis

Human Transcription and VAS Ratings

Human transcriptions were analyzed in terms of the
percentage of words correct, that is, the number of correctly
transcribed words divided by the total number of words in each
sentence. Words were counted as correct if they matched
the target exactly, were homonyms, or were clear misspell-
ings of the target or of its homonym (Hustad, 2008; Levy
et al, 2017). To complement orthographic transcription
and ASR-based measures in the present study, VAS ratings
were used to derive the EoU variable. VAS ratings provide
a rapid and sensitive index of listeners’ perceived EoU and
are particularly useful for capturing gradations of intellig-
ibility across clinical populations (Abur et al., 2019; Hus-
tad, 2006; Levy et al., 2017, 2021; Stipancic et al., 2016;
Tjaden et al., 2014).

ASR Transcription

ASR transcriptions were assessed using the WER,
which is a gold standard metric for evaluating speech rec-
ognition systems (Gutz et al., 2022, 2023; Tetzloff et al.,
2024). The WER is the sum of the number of substitutions
(S), insertions (/), and deletions (D) divided by the total
number of words in the target utterance (N), as shown in
Equation 1 (Moore et al., 2018).

(S+1+D)

WER =
N

()

Comparison Between Two Modalities

For the purpose of generating a single metric indicating
percentage of words correctly transcribed for comparing
human transcriptions with ASR, WRR was determined. This
was calculated by means of the formula WRR = 1 — WER.
The WRR indicates the percentage of words correctly tran-
scribed on a scale from 0% to 100% (Gutz et al., 2022).
Because WER can exceed 1 (e.g., if ASR detects an extra
word produced by a speaker), resulting in negative WRR
values, any negative WRR values were replaced with 0%

(Gutz et al., 2022). A higher WRR indicates greater tran-
scription accuracy. Distortions or misarticulations of the tar-
get utterance were scored within the WER formula as word-
level substitution, insertion, or deletion errors, depending on
the deviation. For example, if the target utterance was “three
little pink pigs” and the child produced “three little pink
pig,” which ASR also transcribed as “three little pink pig,”
this would be scored as one substitution error out of four
target words. Thus, the WER would be 1/4 = 0.25, and the
WRR would be 1 — 0.25 = 0.75. Human listeners’ transcrip-
tions were scored in the same manner, for consistency of
analysis between ASR and human transcription.

Statistical Analysis

All statistical analyses were completed in R (R Posit
Team, 2023). To address our first research aim, ASR tran-
scription accuracy (i.e., ASR WRR) was compared with
human listeners’ transcription accuracy (i.e., human WRR)
for the speech produced by the children with dysarthria.
Due to violations of the normality assumption as assessed
by the Kolmogorov—Smirnov test (p < .05), Spearman rank-
order correlations were used to examine the relationship
between ASR WRR and human WRR (Jacks et al., 2019;
Tetzloff et al., 2024).° To evaluate each ASR system’s per-
formance, the WRR of the five speaker-independent ASR
systems (WhisperX-small, WhisperX-medium, WhisperX-
large, Google Cloud, Wav2Vec2) was compared with
human WRR. Spearman correlation coefficients were calcu-
lated between each ASR system’s WRR and human WRR,
with stronger correlations suggesting greater alignment with
human listeners’ transcription accuracy.

For our second research aim—to assess the use of
ASR in representing human perceptual ratings—the rela-
tionship between ASR transcription accuracy and percep-
tual ratings was examined. For each of the five ASR sys-
tems, Spearman correlation coefficients were calculated
between ASR WRR and human EoU ratings. A strong,
positive correlation would support the use of ASR output
as an approximation of human perceptual ratings in asses-
sing intelligibility in children with dysarthria. To address
multiple testing across 10 correlations (5 ASR Systems x

Given the modest sample size (20 speakers), Spearman rank correla-
tions were used to evaluate the monotonic relationships between ASR
transcription accuracy and human listener measures. While general-
ized linear models can handle nonnormal distributions and allow for
simultaneous comparisons, our data set did not provide sufficient
power for such models without overfitting. We therefore report
effect-size estimates (p) with 95% confidence intervals. Because multi-
ple correlations were conducted (5 ASR Systems x 2 Human Mea-
sures), we treat p values as exploratory and guard against Type I
error by focusing on effect sizes/Cls. Adjusted p values are provided
in Supplemental Material S1 for transparency.
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2 Human Measures), a Holm-Bonferroni correction was
conducted (see Supplemental Material S1).

In an assessment of intrarater and interrater reliabil-
ities, intraclass correlation coefficients (ICCs) were com-
puted for human listeners’ transcription accuracy and
EoU ratings. All reliability analyses were completed with
the irr package (Gamer et al., 2012) and /me4 package
(Bates et al., 2015). Reliability was interpreted following
Koo and Li (2016): ICC > .90 = excellent, .75-90 =
good, .50-.75 = moderate, and < .50 = poor. A single-
rater, two-way model ICC(2,1) was used to measure for
intrarater reliability, and a multirater, two-way model
ICC(2, k) was used to measure for interrater reliability,
accounting for consistency in transcription accuracy and
ratings. To further examine whether individual factors
contributed to variability in ASR WRR and human
WRR, exploratory linear regression analyses were con-
ducted with dysarthria severity and age as predictors of
WRR in ASR systems and human listeners.

Results

Table 2 presents descriptive data on WRR for the
speech of children with dysarthria, transcribed by human
listeners and five ASR systems. The ASR performance
showed considerable variability, with two systems (WhisperX-
medium and WhisperX-large) even exceeding human WRR
for this population. WhisperX-large and WhisperX-medium
achieved the highest ASR WRR (48.24% and 46.04%,
respectively), surpassing human listeners (38.95%). Google
Cloud yielded a WRR of 30.23%, while Wav2Vec2-960h-
large demonstrated the lowest performance, with a WRR
of 5.63%.

Addressing the first research aim—to determine the
relationship between ASR transcription accuracy and
human listeners’ transcription accuracy—we found signifi-
cant correlations between all ASR systems and human lis-
teners, as shown in Figure 1. The WRR of WhisperX-
medium demonstrated the strongest correlation with
human WRR (p = .83, p < .001). The WRR of

Table 2. Word recognition rate (WRR) for the speech of children
with dysarthria performed by 168 human listeners and five auto-
matic speech recognition (ASR) systems.

Modality

Human listeners
Google Cloud (ASR) 30.23 (37.43)
Wav2Vec2-960h-Large (ASR) 5.63 (16.17)
WhisperX-small (ASR) 38.90 (40.86)
( )
( )

WRR (%), M (SD)
38.95 (40.43)

WhisperX-medium (ASR) 46.04 (41.78
WhisperX-large (ASR) 48.24 (41.82

WhisperX-large and WhisperX-small also demonstrated
strong correlations with human WRR (p = .82, p < .001
[for WhisperX-large]; p = .79, p < .001 [for WhisperX-
small]). The WRR of Google Cloud also showed strong
alignment with human WRR (p = .77, p < .001). In con-
trast, the WRR of Wav2Vec2 exhibited a weak correlation
with human WRR (p = .34, p < .001).

Addressing the second research aim, to determine
the relationship between ASR transcription accuracy and
human perceptual ratings, Spearman correlations were cal-
culated between ASR WRR and average human EoU rat-
ings in the five ASR systems. As shown in Figure 2, sig-
nificant positive correlations were found for all ASR sys-
tems, suggesting that higher ASR transcription accuracy
was associated with higher listener-rated intelligibility. The
WRR of Google Cloud demonstrated the strongest correla-
tion with EoU ratings (p = .72, p < .001), suggesting strong
alignment with human perceptual ratings. The WRR of the
WhisperX systems showed moderate correlations with human
EoU ratings (p = .67-.69, p < .001). Wav2Vec2’s WRR
showed a weak correlation with human EoU ratings (p = .28,
p < .001). Notably, the WRR of Wav2Vec2 demonstrated
weak alignment with both human WRR and EoU ratings.
This underperformance may reflect both the model’s limited
adaptation to atypical child speech and the absence of
disorder-specific fine-tuning, as described in further detail in
the Discussion section. All correlations remained significant
after Holm-Bonferroni adjustment (adjusted ps < .001; see
Supplemental Material S2), although ceiling and floor effects
may have inflated some of the observed values.

The ICCs were computed to assess the intrarater
and interrater reliabilities of human listeners’ transcription
accuracy and perceptual ratings across repeated trials during
the listener testing. Intrarater reliability for human WRR
was excellent, as indicated by ICC(2,1) = 945, p < .001.
Interrater reliability for human WRR was good, with
ICC(2, k) = .865, p < .001. Similarly, intrarater reliability
for EoU ratings was good, as suggested by ICC(2,1) = .854,
p < .001. Interrater reliability for EoU ratings was also
good, as indicated by ICC(2, k) = .803, p < .001.

To illustrate individual variability, Supplemental
Material S2 lists speaker-level WRRs for all ASR systems
and human listeners. Exploratory regression analyses were
performed to examine relationships between WRR and
dysarthria severity and age. The analyses indicated that
dysarthria severity was associated with WRRs for human
listeners and all ASR systems, except Wav2Vec2 (p = —21
to =23, p < .01) such that children with milder dysarthria
tended to yield higher WRR than those with more severe
dysarthria. In contrast, age did not show a reliable rela-
tionship with WRR. Because these analyses were
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Figure 1. Scatter plots showing the relationship between automatic speech recognition (ASR), word recognition rate (WRR), and average
human WRR across five ASR systems for the speech of children with dysarthria.
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exploratory and not central to the study aims, the findings
should be interpreted with caution, and the patterns
should be investigated more systematically in future work.

Discussion

This study examined the potential of ASR systems
for assessing intelligibility in children with dysarthria sec-
ondary to CP. Overall, ASR WRR correlated with human
WRR and EoU ratings, demonstrating ASR’s capability
as a tool for approximating human listeners’ transcription
accuracy and perceptual ratings, although the different
ASR systems varied in their success in approximating lis-
teners’ perception. Implications for clinical and technolog-
ical applications are discussed.

ASR Transcription and Human Transcription

In four of the five ASR systems tested, transcription
accuracy (i.e., ASR WRR) yielded by WhisperX-small,
WhisperX-medium, WhisperX-large, and Google Cloud
demonstrated strong correlations with human listeners’
transcription accuracy (i.e., human WRR), as had been
hypothesized, supporting their potential clinical utility in
children with dysarthria. In contrast, Wav2Vec2 exhibited

a weaker correlation with human listeners’ transcription
accuracy, indicating that it needs further refinement for such
purposes. The finding that transcription accuracy yielded by
WhisperX-medium, rather than Google Cloud, demonstrated
the strongest correlation with human listeners’ transcription
accuracy was unexpected (Attia et al., 2024). A possible
explanation is that WhisperX-medium may have better cap-
tured the acoustic characteristics of children’s speech in this
data set, potentially due to differences in model architecture
or training data. While this is the first examination of ASR
for children with dysarthria, the findings are consistent with
prior research evaluating ASR systems for transcribing the
speech of adults with dysarthria (Gutz et al., 2022; Moya-
Galé et al., 2022). The findings suggest that ASR could be
useful if incorporated into intelligibility assessment, reducing
the time and effort required.

ASR Transcription and Human EoU Ratings

ASR transcription accuracy (i.e., ASR WRR) also
correlated with human EoU ratings, although the degree
of alignment varied across ASR systems. Transcription
accuracy yielded by Google Cloud exhibited a strong cor-
relation with human EoU ratings, suggesting its potential
as a tool for intelligibility assessment in children with dys-
arthria. The transcription accuracy of the three WhisperX
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Figure 2. Scatter plots showing the relationship between automatic speech recognition (ASR) word recognition rate, and average human
ease of understanding (EoU) ratings for five ASR systems for the speech of children with dysarthria.
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systems demonstrated moderate correlations with human
EoU ratings. However, these correlations were somewhat
weaker than the correlation between Google Cloud’s tran-
scription accuracy and EoU ratings, suggesting that Whis-
perX systems may benefit from further refinement. Tran-
scription accuracy of Wav2Vec2 showed a weak correla-
tion with human EoU ratings, again revealing its limita-
tions in assessing intelligibility in alignment with human
listeners. These results support our hypothesis that, over-
all, ASR transcription accuracy would be associated with
human perceptual ratings of intelligibility.

Clinical and Technological Implications

The findings suggest that WhisperX and Google Cloud
ASR systems may be appropriate tools for use in the intellig-
ibility assessment of children with dysarthria due to CP. Their
strong correlations with human listeners’ transcription accu-
racy and perceptual ratings support ASR as an efficient,
objective tool that offers faster and more consistent assess-
ments than human transcription alone. These systems can be
implemented by clinicians and researchers with minimal tech-
nical expertise, potentially improving and expediting assess-
ment and intervention processes.

1448 Journal of Speech, Language, and Hearing Research e Vol

From a clinical viewpoint, the findings highlight the
importance of system selection and adaptation when using
ASR for assessing intelligibility in children with dysarthria.
For instance, while WhisperX-medium and WhisperX-large
achieved even higher transcription accuracy than human lis-
teners (see Table 2), this does not necessarily indicate stronger
alignment with human perceptual ratings. As described in the
first part, transcription accuracy may be particularly relevant
for applications that require a precise record of speech output,
such as those tracking articulation and phonological patterns
over time or generating speech-to-text input for AAC devices
(Chen et al., 2024; Hui et al., 2024). WhisperX-medium’s
transcription accuracy demonstrated the strongest correlation
with human listeners’ transcription accuracy, suggesting the
system’s utility as a proxy for human listeners when listeners’
transcription is impractical, particularly for applications that
require precise speech-to-text conversion, such as some AAC
devices. In contrast, the transcription accuracy of Google
Cloud, despite its lower accuracy (30.23%), demonstrated the
strongest correlation with human perceptual ratings. This sug-
gests that Google Cloud may be better suited for evaluating
intelligibility and tracking speech progress in clinical contexts.
Its alignment with human perception may stem from the sys-
tem’s ability to detect speech features that listeners use when
judging dysarthric speech (Gutz et al., 2022).
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Together, these findings indicate that while WhisperX-
medium may be optimal for transcription-focused applications,
both WhisperX-medium and Google Cloud show promise for
clinical intelligibility assessment because each can approximate
different aspects of human listener experience. WhisperX-
medium’s transcription accuracy aligns more closely with
human listeners’ transcription accuracy, whereas the transcrip-
tion accuracy of Google Cloud better reflects subjective percep-
tual judgments. While the transcription accuracy of WhisperX
systems and Google Cloud showed moderate-to-strong cor-
relations with human perception of intelligibility, occasional
“hallucinations” (i.e., instances where ASR systems gener-
ated words that were not present in the child’s speech) were
observed, particularly in WhisperX systems. Although these
hallucinations were infrequent, they underscore the impor-
tance of continued refinement and validation to ensure con-
sistent clinical reliability for the speech of children with dys-
arthria. From a clinical perspective, such hallucinations are
not trivial, as they could misrepresent a child’s speech out-
put and lead to inaccurate estimates of intelligibility and/or
inappropriate treatment planning. Future ASR research
may mitigate these errors by incorporating pediatric disor-
dered speech into training corpora, refining decoding strate-
gies to reduce false insertions, and integrating clinician
judgment to verify or contextualize ASR outputs for clini-
cal decision making.

It is also important to note that overall WRR values
for both ASR and human listeners were relatively low
(< 50%; see Table 2). These low values likely reflect factors
such as the severity of dysarthria in the speech sample, the
stringent scoring method requiring exact word matches,
and the absence of contextual cues that listeners would
typically use in real-world communication. While two out
of the five ASR systems produced higher WRR than
human listeners, this should not be interpreted as evidence
that children were more intelligible to ASR systems than
to human listeners. As shown in Figure 1, the speech of a
subset of the children yielded large discrepancies between
ASR WRR and human WRR. These cases likely reflect
methodological differences; as previously described, ASR
depends strictly on acoustic-phonetic patterns, whereas
human listeners can integrate contextual and prosodic cues
but may also be influenced by perceptual biases. Such
biases can sometimes lower WRR and raise concerns
about the fairness and consistency of human-based intel-
ligibility assessment, yet they may also provide valuable
insights into how listeners perceive atypical speech in real-
world contexts. In contrast, ASR does not incorporate
social or affective judgments and therefore has the potential
to reduce these listener-based biases. Nevertheless, current
ASR systems may face challenges in capturing perceptual
qualities (e.g., prosody, vocal quality, nasality), which could
partly explain recognition errors (Goldwater et al., 2010;

Hernandez et al., 2020; Maier et al., 2008; Moore, 2021;
Tetzloff et al.,, 2024). Thus, clinical recommendations
include that human-based measures be interpreted along-
side ASR WRR to avoid mischaracterizing children’s
communicative abilities. In fact, if ASR systems were used
in isolation, they could lead to underidentifying children’s
communicative difficulties, potentially affecting service eli-
gibility decisions. Therefore, ASR output may be consid-
ered a useful complement to, rather than a replacement
for, human listener judgments.

Furthermore, ASR systems and human listeners
transcribed speech from children with milder dysarthria
more accurately than from those with more severe dysar-
thria, suggesting ASR’s sensitivity to clinically meaningful
severity differences while also highlighting challenges for
transcription of severely dysarthric speech. The WRR of
ASR systems and human listeners was also higher for
older children than for younger children, likely reflecting
increases in speech motor control and phonological devel-
opment over time. However, advancing ASR for clinical
use will require models and training data sets that better
capture the acoustic, phonetic, and developmental vari-
ability associated with both dysarthria severity and age-
related speech changes.

Notably, Wav2Vec2’s transcription accuracy did not
align well with human perceptual judgments of the speech
of children with dysarthria in this study. One possible
explanation, as described in the Method section, is this sys-
tem’s self-supervised learning approach in transcriptions,
which trains on large amounts of unlabeled audio without
being paired with corresponding text or phonetic labels.
Because it is not explicitly trained to map speech to specific
phonemic or lexical targets, Wav2Vec2 may be less adapt-
able to the atypical and highly variable speech patterns
characteristic of dysarthria. While self-supervised models
such as Wav2Vec2 have performed well on neurotypical
speech, they may not fare as well with dysarthric speech
due to their lack of exposure to atypical phonetic variabil-
ity during training. A recent study found that when Wav2-
Vec2 was fine-tuned (i.e., trained further using a smaller,
labeled data set of dysarthric speech), its performance
improved (Yang et al, 2022). Therefore, tailoring this
model to disordered speech may be necessary for clinical
applications. In contrast, most ASR systems (e.g., WhisperX,
Google Cloud) are trained using paired speech-text data sets,
allowing them to learn more direct mappings between speech
input and expected linguistic outputs. Although these systems
are usually trained on neurotypical speech, their structure
may enable better generalization to intelligibility patterns, even
in atypical speech. This performance gap likely reflects fun-
damental differences in training approaches: Wav2Vec2 is
trained in a self-supervised manner on large amounts of
unlabeled audio, without paired text supervision, whereas
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WhisperX and similar models are trained on extensive
paired speech—text data sets. As a result, WhisperX models
may generalize more effectively to atypical pediatric speech,
while Wav2Vec2 remains less robust in handling atypical
pediatric speech without disorder-specific fine-tuning.

Limitations and Future Directions

Despite the promising findings on ASR for intellig-
ibility assessment in this study, several limitations must be
acknowledged. First, the data set was limited to dysarthric
speech produced by children with CP, the majority of
whom had spastic CP or a mix of spastic and other sub-
types of CP (as indicated in Table 1). The children’s
speech characteristics were thus primarily, although vari-
ably, consistent with spastic dysarthria. While spastic CP
is by far the most common subtype (Centers for Disease
Control and Prevention, 2025), the results may not gener-
alize to other populations or CP/dysarthria subtypes. Sec-
ond, additional exploratory analyses suggested that sever-
ity was associated with WRR and that age did not show a
reliable relationship with WRR in most ASR systems and
human listeners. These exploratory findings may be
followed up with more systematic study of larger, more
representative samples, investigating the potential contri-
butions of children’s ages, speech features, and severity to
ASR performance. Future work should also examine how
these factors influence the comparability of ASR outcomes
to human listener judgments.

A further limitation is the brevity of the speech stim-
uli used in this study, namely, sentences ranging from four
to seven words. Although these short utterances were selected
for their appropriateness for a range of children with dysar-
thria (Allison et al., 2019; Levy et al., 2017), studies on adult
populations (e.g., those with ALS) suggest that speech severity
and utterance length can interact to influence intelligibility
(Allison et al., 2019; Gutz et al., 2022; Moya-Gal¢é et al.,
2022). Future work should determine any effects of utterance
length on ASR performance and listener perception of chil-
dren’s speech. To enhance generalizability, future data sets
could also incorporate longer utterances, varying levels of
background noise, and larger samples spanning severity levels.
Such additions would provide more representative input for
ASR models and help identify conditions under which perfor-
mance degrades.

An important limitation in interpreting the listener
data is the relatively high attrition rate observed in the
online task, with only approximately 30% of recruited partici-
pants completing the full protocol. While this completion rate
is low, high attrition rates have also been reported in prior
crowdsourced intelligibility studies that implemented strict
quality control procedures (e.g., Hwang et al., 2022; Jiao

et al., 2019). In our study, the added requirement of calibrat-
ing SPL using external apps likely contributed to the reduced
completion rate. However, this rigor ensured that those who
completed the protocol provided high-quality calibrated data
that included the important dimension of vocal intensity
(C. M. Fox & Boliek, 2012; Levy et al., 2020; Svec &
Grangvist, 2018). Thus, what was lost in numbers was
likely offset by gains in precision, as the final data set still
included a large sample of listeners and robust transcription
data for every child. However, it should be acknowledged
that the inherent variability of online testing environments
(e.g., differences in device type, speaker quality, and listener
setup) may have introduced additional variability into the
perceptual data. These factors should be taken into account
when considering the generalizability of the findings.

Additionally, only five ASR systems were evaluated,
and other systems or continued fine-tuning may yield differ-
ent results. It will be important to explore a broader range
of ASR systems (e.g., ElevenLabs Scribe, AssemblyAl)
and assess their applicability across age groups, severity
levels, types of dysarthria, and other speech disorders.
Another limitation is the reliance on WRR as a primary
metric for ASR performance. As noted in the Method sec-
tion, distortions or misarticulations were scored as substitu-
tion, insertion, or deletion errors within the WER formula.
Although WRR provides insight into word transcription
accuracy, it does not specify phoneme-level errors or other
distortions that may impact intelligibility (Miller, 2013).
Further investigations may incorporate additional evalua-
tion metrics, such as phoneme error rates and prosodic
analyses, to gain a more nuanced understanding of ASR
performance and the level of detail that ASR can provide
on the speech production of children with dysarthria. Exam-
ining how different ASR architectures handle phoneme-level
distortions and prosodic variations would support efforts in
refining their clinical applicability in this population. Differ-
ences in ASR architecture raise important questions about
the types of errors ASR systems make compared to human
listeners. Human raters may be more sensitive to phoneme
distortions and prosodic deviations, for example, while ASR
errors often stem from misrecognition of specific phonemes
or omitted segments (Southwell et al., 2022). Future
research should further investigate these discrepancies to
optimize ASR systems for dysarthric speech applications.

Certainly, translating these systems into practice pre-
sents challenges. Although, in theory, several ASR systems
are available for consumer or research use, calculating
WRR is not as straightforward as simply uploading an
audio file to a website, for example. Current implementa-
tion requires additional steps such as audio preprocessing,
transcription formatting, and metric computation, which
may be beyond the scope of SLPs’ routine clinical practice
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or capabilities. Thus, further development of SLP-friendly
tools is necessary before these systems can be directly inte-
grated into practice.

To improve clinical applicability, future studies may
also determine the real-time usability of ASR systems for
providing feedback during speech treatment. Moreover, it
would be informative to test SLPs as listeners and com-
pare their judgments with ASR performance to further
evaluate the clinical utility and reliability of ASR systems.
Given that WhisperX systems may be particularly suited
for integration into assistive communication devices, fur-
ther research could explore their use in AAC contexts to
enhance both ASR transcription accuracy and accessibility
for individuals with severe speech impairments. A long-
term goal will be the development of ASR systems specifi-
cally trained on the speech of children with dysarthria to
optimize clinical utility.

Conclusions

This study provides evidence that ASR transcription
accuracy yielded by various speaker-independent ASR sys-
tems aligns closely with both human listeners’ transcription
accuracy and ease-of-understanding ratings for the speech
of children with dysarthria, although the degree of align-
ment varies across ASR systems. WhisperX-medium best
approximated human listeners’ transcription accuracy.
Google Cloud emerged as the best proxy for human per-
ceptual ratings. Certainly, ASR system selection should be
guided by clinical goals, whether for intelligibility assess-
ment, intervention planning, or assistive communication.
In this first examination of ASR in children with dysar-
thria, the findings underscore the potential of ASR as a
tool to be incorporated into intelligibility assessment proto-
cols. The study also highlights the need for further ASR
refinements to improve clinical applications and ultimately
enhance communication outcomes for this population.
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