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A B  S T  R  A  C  T  

Purpose: This study investigated the relationship between acoustic measures 
and Google’s Speech-to-Text inaccuracies in recognizing speech of children 
ages 4–9 years who speak African American English (AAE). 
Method: Audio recordings were collected from 11 AAE-speaking children with 
speech stimuli targeting final plosive variations observed within the AAE dialect. 
Dialectal density was measured using the Diagnostic Evaluation of Language 
Variation Language Screener. Recordings were transcribed using Google’s 
Speech-to-Text application (Google Voice), and inaccuracies were determined 
through comparison to researcher-extracted transcriptions. Acoustic measures 
from vowels preceding final plosives (including vowel duration, fundamental fre-
quency, average first formant) were extracted using Praat and a custom 
MATLAB algorithm. Individual mixed-effects logistic regression models were 
conducted to analyze the relationships between acoustic measures and tran-
scription accuracy (accurate vs. inaccurate) for voiced and voiceless plosives 
separately. 
Results: There were no significant differences between inaccuracy rates for 
voiced and voiceless plosive productions, nor were acoustic measures predic-
tive of automatic speech recognition inaccuracy. However, age and dialect den-
sity were significantly related to voiceless plosive accuracy. 
Conclusions: The complexities of voice, motor, and articulatory development 
within children can be characterized by acoustic measures. These measures 
inform acoustic algorithms created for speech technology. Research on acous-
tic measures in young child AAE speech, with considerations for dialect variabil-
ity and age, will enhance speech recognition technology and clinical best 
practices. 
Supplemental Material: https://doi.org/10.23641/asha.30150178 
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Over the past decade, artificial intelligence (AI) sys-
tems have been increasingly utilized by children within their 
homes, communities, and educational systems through tools 
such as speech-to-text, text-to-speech, and chatbots. Within 
the educational system, speech-to-text, or voice recognition 
tools, provide increased accessibility to technology and 
information for children with learning disabilities, physical 
disabilities, and vision impairments (National Center for
ght © 2025 American Speech-Language-Hearing Association 1
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Technology Innovation, 2010). Additionally, advancements 
within the communication sciences and disorders discipline 
are opening doors for use of AI as a tool for speech and 
language assessments (Albudoor & Peña, 2022) and treat-
ment (e.g., Say It Labs, 2023). Despite these advancements, 
speech-to-text technology, such as Google Home, have 
been shown to have inherent biases. That is, biases exist for 
adults from underrepresented communities, such as the 
African American English (AAE)–speaking community 
(Koenecke et al., 2020). 

Approximately 85 million users utilize Google Home 
products with an expected increase of approximately 92 
million users by 2025 (Keating, 2023). Due to its popular-
ity and accessibility within the home, Google was the 
speech-to-text tool of focus for this exploratory study. As 
AI increasingly becomes an accessible tool within the 
home and for clinicians and educators to utilize, we must 
gain a deeper understanding of what measures impact 
speech recognition inaccuracies for nonmainstream Ameri-
can English (non-MAE) speakers to ensure access and 
equity for underrepresented populations. 

AI Systems for Speech 

AI speech technology systems involve a complex 
process to perceive the speakers’ commands, interpret the 
command, and provide an output via information or 
action. The first step of the process, perceiving the com-
mand, is completed through automatic speech recognition 
(ASR). ASR is a multistep process composed of (a) 
extracting speech features from the speakers’ productions; 
(b) developing acoustic, pronunciation, and language 
models; and (c) building machine-learning algorithms to 
characterize and classify speech and linguistic elements 
(Du, 2023). Previous studies have found that discrepancies 
in ASR transcription accuracies for non-MAE speakers 
are due to the acoustic models, not the language models 
(Koenecke et al., 2020). 

The classic machine learning algorithm for ASR was 
the hidden Markov model (HMM; Deng & Li, 2013), a 
type of probabilistic network that associates a sequence of 
acoustic patterns with specific phones. Essentially, it con-
verts a speech signal to a sequence of shorter signals that 
are approximately stationary processes, extracts acoustic 
features from each shorter signal, and then finds the pho-
neme sequence, depending on the dialect or language 
being trained, that is most likely given this sequence 
of acoustic features (Fischer et al., 2006; Hunt, 2006; 
Waserblat & Eilam, 2014). Spectral information, such as 
vowel formant frequencies and duration (O’Shaughnessy, 
2024), are key features extracted from the acoustic models. 
These same acoustic features also contribute to the speech 
perception and the differentiation between dialects (Holt, 
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2018). To identify the most probable phoneme sequence, 
the model must be trained with labeled training data—a 
database of speech signals annotated with corresponding 
phoneme sequences. Once trained with such data, the 
model can pick among the possible phoneme sequences in 
the data set in order to recognize new speech signals. 
However, while HMMs were the dominant approach for 
ASR for decades, they have significant well-known limita-
tions (Deng & Li, 2013), and modern approaches propose 
several alternatives. 

One common modern alternative to HMMs is the 
deep neural network (Nassif et al., 2019). A classic artifi-
cial neural network is a model that consists of connected 
nodes (“neurons”), with each node receiving information 
from previous nodes, processing it, and sending results to 
later nodes in the model. Such nodes are aggregated into 
consecutive layers, and a deep neural network is one with 
a large number of layers, allowing it to model complex pat-
terns. Early examples of neural networks were feedforward 
networks (i.e., data can only flow from early layers to later 
layers), but modern neural networks for ASR are usually 
recurrent networks (i.e., data can also flow from later layers 
back to early ones). Like an HMM, a deep neural network 
is most commonly trained with a database of speech signals 
annotated with corresponding phoneme sequences, and out-
puts the most probable phoneme sequence for a new speech 
signal. Unlike an HMM, a deep neural network makes 
fewer assumptions about the underlying data and can thus 
utilize the “raw” acoustic waveform rather than relying on 
manually crafted acoustic features such as formant frequen-
cies (Radha et al., 2024). Such deep networks can even be 
used to perform end-to-end ASR: a form of ASR where the 
different models (acoustic, pronunciation, language) are all 
learned together (unlike HMMs, which require separate 
components for each model). However, since such a deep 
neural network is very complex, it can need a very large 
amount of data to be properly trained. 

Per Google’s report, the vision of Google Cloud’s 
speech-to-text application (Zhang et al., 2023) approach is to 
create a universal ASR model that covers all the spoken lan-
guages in the world, and its performance evaluation suggests 
that it outperforms other “universal” ASR models such as 
Whisper, a well-known open-source machine learning model 
(Radford et al., 2022). Nonetheless, studies show that both 
Chirp (used by Google Cloud) and other ASR models such 
as Whisper underperform on speech of various marginalized 
groups such as d/Deaf speakers (Zhao et al., 2025). 

Discrepancies in AI for AAE Speakers 

AAE is a dialect of American English spoken by 
many African Americans or people who live within the 
community where African Americans currently or have
, Terms of Use: https://pubs.asha.org/pubs/rights_and_permissions 
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historically lived (Charity Hudley et al., 2018). AAE speakers 
have experienced disadvantages related to educational and 
societal resources and opportunities for decades due to sys-
temic racism and bias (Bailey et al., 2017). Even recent 
advancements in commonly used speech technology continue 
to have inherent biases that may compound the already 
existing disadvantages for AAE speakers due to the lack of 
representative AAE speech within the corpuses of training 
data (Kendall & Farrington, 2018). 

Mengesha et al. (2021) studied adult AAE speakers’ 
experiences with the use of common speech-to-text tech-
nology (e.g., Google). It was found that they presented 
with feelings of discrimination when the ASR system did 
not understand their speech. In addition to the common 
errors made by the system, the participants felt they were 
forced to alter their speech more to the likeness of MAE in 
order to have more success with system comprehension. As 
users, they felt a lack of representation in that the system 
was not initially developed to understand their speech. 

Johnson et al. (2023) presented a novel framework to 
the persistent issue of nonmainstream English dialectal bias 
within ASR, which is a first step to improving algorithmic 
approaches for nonmainstream dialects. They developed a 
model that estimated dialectal density (the percentage of 
words within short utterances that contain nonmainstream 
dialectal productions) with the goal of being able to use a 
dialect density measure to improve ASR. Using the Corpus 
of Regional African American Language database of adult 
AAE speakers (Kendall & Farrington, 2024), they investi-
gated several demographic (e.g., geographic location) and 
acoustic factors (e.g., consonant clusters, voicing, prosody) 
to characterize dialect density. They used a Rasta-styled fil-
tered auditory spectrum (Hermansky & Morgan, 1994) for 
speech processing, which captured context-dependent psy-
choacoustic information useful to ASR. Some of the more 
impactful features determined to predict AAE phonological 
tokens within the model included mean rising slope (prosody/ 
intonation measure), final consonant deletions, cluster reduc-
tions, and speaker-specific information within geographic 
regions. Therefore, final consonant features (a focus of the 
present work) were among some of the key features in dialect 
density determination within the model. In the future, this 
model could determine dialect density to then adjust an ASR 
model’s speech identification based on the dialect used and 
its degree (or density) of use. 

AAE Speech and Language Characteristics 

AAE is composed of various phonological and 
morphosyntactic features that make it a distinct dialect 
(Hamilton et al., 2018; Holt, 2018; Stockman, 2010; 
Thomas, 2007). The focus of this study solely includes 
phonological features, due to its impact, more so than 
Downloaded from: https://pubs.asha.org Victoria McKenna on 09/30/2025
morphosyntactic features, on ASR accuracy (Koenecke 
et al., 2020). There are a variety of phonological features 
observed in AAE; features such as consonant cluster 
reduction, syllable addition or deletion, monopthongiza-
tion (Craig et al., 2003), and voiceless productions of 
voiced final plosives are of the most common (Thompson 
et al., 2004). For example, production of a final voiced 
plosive (i.e., /kæb/) may also be produced as a voiceless 
plosive (e.g., /kæp/), produced without a plosive (e.g., 
/kæ/), or produced with glottalization of the voiced plosive 
(e.g., /kæʔ/). This phonological pattern will be referred to 
as voiced final plosive variation throughout this study, to 
use noncomparative descriptions of AAE speech (Hamilton 
et al., 2018). 

Within the dialect of AAE, variation can be due to 
regionality, environmental setting, and other cultural and 
linguistic influences (Llamas & Watt, 2010). Dialect den-
sity provides a way to measure the degree to which a 
speaker uses a dialect and captures the variation of AAE 
spoken even within a concentrated regional area. The 
quantification of dialect use in children typically involves 
measuring the number of tokens or types of dialect fea-
tures present in a language sample relative to the total 
number of utterances in that sample. The lower the den-
sity measure, the fewer AAE phonological and morpho-
logical patterns the child used within the target utterances. 
The higher the dialect density measure, the more AAE 
patterns used. When considering the lower ASR accura-
cies for adult AAE speakers, dialect density provides 
information on the degree of dialect variation that impacts 
the inaccuracies (Johnson et al., 2023; Radha et al., 2024). 

Research indicates that dialect density is not static 
but evolves significantly with age and environmental expo-
sure (Craig et al., 2004; Ivy, & Masterson, 2011; Thompson 
et al., 2004; Washington et al., 2018). A major influence on 
this change is exposure to MAE in school settings (Terry 
et al., 2012). Longitudinal studies reveal a consistent pat-
tern: With each additional year of formal schooling, chil-
dren tend to exhibit a decrease in dialect density in both 
oral and written language, relative to their dialect use at 
the time of school entry (Craig et al., 2009; Puranik et al., 
2020; Washington et al., 2018). Therefore, dialect density 
characterizes the degree of AAE use within a given envi-
ronment, age, and stimuli. 

Acoustic Measurements 

Acoustic cues such as vowel spectral measures and 
voice onset time (VOT) can both be used to quantify per-
ception of voiced final plosive variation across AAE 
speakers. However, due to the final positioning of the 
voiced plosive, VOT is often too difficult to visually deter-
mine and measure. The silent interval of voiced plosives
Fletcher et al.: ASR Accuracy Factors of Child AAE Speakers 3
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tend to be short, and the burst tends to be reduced in 
amplitude and duration making VOT difficult to identify 
(Abramson & Whalen, 2017). Vowel duration of the 
vowel preceding the plosive, as well as average fundamen-
tal frequency (F0) and the average first formant (F1), 
instead, have been used to provide information to the lis-
tener on the intent of the speaker and help to distinguish 
between voiced and voiceless plosives (Benki, 2001; Lisker 
& Abramson, 1964; Stevens & Klatt, 1974). 

Previous research has established a longer vowel 
duration for voiced final plosive productions compared to 
voiceless productions, even when the voiced plosive pro-
duced by the speaker is perceived as voiceless by the lis-
tener (Snow, 1997). For AAE speakers, there is greater 
variation in final plosive productions compared to MAE, 
which may be reflected within vowel duration, formant, 
and frequency measures. As most ASR systems have uti-
lized mainly MAE speech training data, there remains to 
be explored if the same acoustic measures related to lis-
tener perception in variation of AAE final plosives also 
informs ASR transcription accuracy. 

Discrepancies in AI for Child Speakers With 
Nonmainstream English Dialects 

Classrooms and clinical caseloads are composed of a 
diverse range of multilingual, multidialectal, and multicul-
tural children. However, phonological, morphological, 
and anatomical differences in child speech, in comparison 
to adult speech, has created great challenges in the effec-
tive use of speech technology by children (Bhardwaj et al., 
2022; Yeung & Alwan, 2018). In addition to dialectal var-
iations occurring across the continuum of AAE, there are 
various characteristics of child speech that impact the 
accuracy of speech technology for children. Similar to the 
situation of reduced accuracy for adult AAE speakers, the 
initial speech recognition technology was not trained using 
representative data for children (Du, 2023). Therefore, dif-
ferences in acoustic patterns between children and adults— 

such as children having higher formant frequencies and less 
control over prosodic features—lead to reduced accuracies 
by the system when transcribing speech based on child 
acoustic speech patterns (Bhardwaj et al., 2022; Sunil et al., 
2016). Hence, there is a need to establish the accuracy of 
speech technology used not only by young children who 
speak MAE but also for children who speak a nonmain-
stream dialect, such as AAE. 

Adaptation of neural network models have been 
applied in attempts to resolve the dilemma of multilingual 
children utilizing models trained mostly by adult MAE 
speakers (Lo et al., 2020; Matassoni et al., 2018). Radha 
et al. (2024) developed goals similar to Johnson et al. 
(2023) to help improve ASR transcription accuracy of 
•4 Perspectives of the ASHA Special Interest Groups 1–20
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native and nonnative British English preschoolers’ speech. 
To solve the issue of lower transcription accuracies for child 
speech due to anatomical and linguistic development varia-
tion, they utilized pitch harmonic estimation, mel frequency 
cepstral coefficients (MFCCs), and the k-nearest neighbor 
approach to achieve accent classification. The authors sup-
ported similar findings from Krishna et al. (2020), Salau 
et al. (2020), and Yarra and Ghosh (2018) that frequency, 
formant, and MFCC metrics showed promise as acoustic tar-
gets for refining ASR algorithms and should be included in 
future investigations. Recent developments in research-based 
ASR systems trained and specific to children have reduced 
the inaccuracies to less than 10% (Attia et al., 2024; Yeung 
& Alwan, 2018). However, advancements related to addi-
tional factors influencing accuracy (e.g., age and dialect) still 
need to be explored. These questions also remain for the 
more publicly accessible speech recognition tools, including 
but not limited to Google Voice. 

Purpose 

With the increased accessibility and opportunities for 
use of speech technology tools by children, it is critical to 
investigate the factors, such as acoustic parameters, age, and 
dialect density related to the transcription accuracies for 
AAE speakers. This will further contribute to the knowledge 
of potential bias within AI and how ASR may contribute to 
educational inequities among children who speak nonmain-
stream English dialects, including AAE. Considering acous-
tic models heavily impact ASR’s capability to accurately 
transcribe child AAE speech (Lin et al., 2009), we aimed to 
understand the relationship between specific acoustic fea-
tures (e.g., formant frequencies) and ASR’s inaccuracy. We 
specifically investigated the phonological pattern characteris-
tic of AAE, voiced final plosive variations, and its relation-
ship with Google speech-to-text transcription inaccuracies. 
The following study aims and hypotheses were addressed: 

ASR Inaccuracy in Final Voiced Versus 
Voiceless Plosives 

Aim 1: Determine differences in speech-to-text inac-
curacy between final position voiced and voiceless plosive 
productions within child AAE speech, considering age and 
dialect density as covariates. 

Hypothesis 1: AAE is a dialect that has a characteristic 
of final plosive voicing variation, in which voiced plosives can 
also be produced as voiceless or glottalized. Therefore, we 
expected greater ASR transcription inaccuracies for voiced 
compared to voiceless plosives within child AAE speech. Fur-
thermore, we expect age and dialect density to influence inac-
curacies, with younger age and higher dialect density associ-
ated with greater inaccuracies in Google speech-to-text.
, Terms of Use: https://pubs.asha.org/pubs/rights_and_permissions 
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Acoustic Correlates of ASR Inaccuracy in 
Final Plosive Productions 

Aim 2: Investigate the relationship between acoustic 
measures (vowel duration, mean F0, and F1) and ASR 
inaccuracy in final plosive productions, with additional 
consideration of covariates of dialectal density and age for 
child AAE speakers. 

Hypothesis 2: Previous literature indicates that 
acoustic characteristics of vowels preceding plosives vary 
depending on whether the plosive is voiced or voiceless 
(Lisker, 1986; Snow, 1997). In our study, we expected 
voiced plosives that have acoustic characteristics of longer 
vowel durations, lower mean F0, and lower F1 formants,  to
be associated with lower degrees of inaccuracy, as these are 
the acoustic cues that assist a listener in distinguishing speaker 
intent. Conversely, we would expect shorter vowel durations 
and higher mean F0 and  F1 to be observed as the  vowel char-
acteristics of voiceless plosives and reduced inaccuracy. Fur-
thermore, we anticipated that younger age and higher dialec-
tal density would further contribute to the greater ASR inac-
curacy. This is because ASR systems are typically trained with 
adult MAE speech patterns and may struggle to accurately 
transcribe speech that includes a child’s speech features and a 
greater density of dialect-specific features. 
Method 

The study protocol received approval from the Univer-
sity of Cincinnati Institutional Review Board (IRB No. 
2022-1099). Prior to children participating in the study, 
parental written consent and child written or verbal assent 
were obtained. 

Participants 

The participant pool consisted of 11 AAE child 
speakers (nine girls and two boys; M = 6.1 years, range: 
4.0–9.3 years) from the northern Kentucky region. Partici-
pants met the following inclusion criteria: (a) between the 
ages of 4;0 and 9;11 (years;months), (b) passed a hearing 
and speech screening appropriate for age, and (c) native 
speakers of American English. Exclusion criteria included 
children who met any of the following conditions: (a) had 
an Individualized Education Program targeting speech 
goals, (b) formally diagnosed speech or language disorder, 
(c) parent-reported hearing impairment or neurological 
issue, (d) unwell or experienced illness within the week 
prior to data collection, or (e) were multilingual or did 
not primarily speak AAE. 

Dialect classification was determined based on 
parent-reported information. Prior to parents completing 
Downloaded from: https://pubs.asha.org Victoria McKenna on 09/30/2025
demographic information, the researcher, who identifies as 
an AAE speaker, provided an in-depth definition, expla-
nation, and examples of “What is AAE?”. First, the 
researcher asked the question, “How do you identify with 
Black culture?” and then proceeded to ask, “Do you 
believe Black culture can be expressed through language 
and how we talk?”. The researcher then prefaced the con-
versation with the history of the misidentification of 
AAE  based on the  term  Ebonics, how people within the 
Black community view AAE with a negative connation, 
followed by a brief history of the development of AAE 
into what is used today. Syntactic and phonological 
examples were provided. Parents were then asked, “Do 
you use some of these patterns (or others) at home, 
church, and/or with friends but tend to switch your speech 
when you are at work or in non-predominantly Black 
spaces?”. AAE use was then confirmed in the household 
by asking, “Do you express your Black culture through 
your language and how you speak at home and in your 
communities?”. See Supplemental Material S1 for dialect 
classification protocol. 

The Diagnostic Evaluation of Language Variation 
(DELV) Screener (Seymour et al., 2003) is a standardized 
language screener that identifies any use of a nonmain-
stream English dialect. AAE-speaking children were the 
main population the DELV was normed on. Still, it should 
be noted that the DELV Screener has been observed to 
have inconsistencies in accurately evaluating language abili-
ties of young nonmainstream dialect speakers, especially 
AAE (Marencin et al., 2024; Moland & Oetting, 2021). 
Therefore, the DELV Screener was used to describe the 
AAE speakers in the study, but participants were not 
excluded solely based on their language scores. Instead, dia-
lectal density and variation were calculated using informa-
tion from the DELV Screener. 

The DELV Screener was used to identify AAE fea-
tures based on phonological (e.g., consonant cluster reduc-
tion), morphosyntactic (e.g., invariant “be,” zero copula), 
and syntactic patterns (e.g., multiple negation). Features 
were cross-referenced with culturally and linguistically rep-
resentative norms for AAE (Charity, 2008; Green, 2010; 
Hendricks & Adlof, 2017). To differentiate AAE from 
maturational variations, responses were compared to 
age-specific language developmental norms (Crowe & 
McLeod, 2020a; Wyatt, 1995). Patterns consistent with 
AAE were those that aligned with cultural and linguistic 
norms rather than transient developmental errors. For 
instance, zero copula (e.g., “She tall”) was classified as 
AAE when consistently used by children older than age 
3 years, as transient omissions are expected at younger 
ages. Dialect density numerical and categorized scores 
were computed from the proportion of identified AAE 
features across 15 DELV tasks targeting phonological (“I
Fletcher et al.: ASR Accuracy Factors of Child AAE Speakers 5
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see her brushing teeth”), morphosyntactic (“The boy has 
little kites, but  the girl  have big kites”), and syntactic 
dimensions (“The boy always wash the plates, but the 
girl always wash the dishes”). A score of “0%” repre-
sented complete use of MAE within speech, and “100%” 

represented complete use of AAE during speech. The 
AAE-speaking children in  our  study  scored in a  range of
6%–100% for dialect density with an average of 57%. 
Furthermore, degrees of variation such as “strong varia-
tion from MAE,” “some variation from MAE,” or “no 
variation from MAE” were assigned to all participants 
based on the Degree of Language Variation portion of 
the assessment. It is important to note that older age cat-
egories, approximately age 6 years and greater, have a 
lower dialect density percentage threshold to be catego-
rized as “some variation” versus a “strong variation.” 
See Table 1 for demographic information. 
 

Screening and Background Information 

Pure-tone hearing screenings were performed to ver-
ify that hearing was within normal limits, defined as 25 
dB HL (Ohio Department of Health, 2022) at frequencies 
of 500, 1000, 2000, and 4000 Hz. Screening to verify typi-
cal speech development included the Diagnostic Evaluation 
of Articulation and Phonology (DEAP) Screener (Dodd 
et al., 2006) for all children. The DEAP Screener identified 
any articulation or phonological disorders. Children’s data
were not included if they had any articulation or phonolo-
gical patterns inappropriate for the child’s age. Parents com-
pleted a questionnaire, supplying demographic, speech, lan-
guage, and cognitive information. A total of 13 AAE chil-
dren were screened for inclusion. Two children did not pass 
the articulation and phonology screener; therefore, only 11 
met the inclusion criteria. 
•

Table 1. Descriptive statistics of race, ethnicity, age, sex, and dialect den

Participant Race Ethnicity 
Age 

(years;mo

P_01 Black Non-Hispanic 8;0

P_02 Black Non-Hispanic 5;2

P_03 Black Non-Hispanic 9;4

P_04 Black African American 5;8

P_05 Black African American 4;0

P_06 Black African American 5;7

P_07 Black and White African American 6;10

P_08 Black and White African American 4;9

P_09 Black African American 7;8

P_10 Black African American 5;2

P_11 Black African American 5;1

Note. Dialect density categorization and percentages were scored usin
mainstream American English; M = male; F = female. 
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Data Collection 

Data were collected in a quiet location in one of 
three different environments: a University of Cincinnati 
Speech and Hearing Clinic treatment room, the child’s 
home environment, or in a quiet office at the child’s 
school or day care. Each environment met criterion for 
minimal background noise measured via a sound pressure 
level (SPL) meter (< 50 dB SPL; Patel et al., 2018) with a 
range of environmental noise of 35.3–47.4 dB SPL. 

To collect data, targeted phonological patterns of 
AAE minimal pairs were created by the first author. The 
minimal pairs task targeted words using a carrier phrase 
(see Table 2 for speech stimuli). Children produced a total 
of 28 targeted voiced final consonant productions at 
phrase level from a minimal pair’s stimuli. The targeted 
minimal pairs varied on final consonant voicing, for 
example, “I see a cob” and “I see a cop.” These were spe-
cifically chosen due to the known characteristics of final 
voiced plosive variation in AAE. Children were provided 
with a picture and asked to use the carrier phrase. Model-
ing was provided if the child could not read the carrier 
phrase or was not familiar with the target picture. The 
researcher eliciting the speech stimuli is a bidialectal speaker 
of MAE and AAE and therefore provided a range of produc-
tions of both dialects. Nonimmediate repetition was used 
when the researcher provided the model of the entire phrase 
followed by a prompt of “Now can you say that?” to elicit 
the correct target phrase. This approach is supported by find-
ings that phonetic imitation is selective and influenced by both 
phonetic and social factors (Trudgill, 2008), highlighting the 
importance of considering researcher culture and dialect when 
eliciting naturalistic speech patterns. Nonimmediate repeti-
tion cueing was used for six out of the 11 children, where a 
range from < 1% to 86% of stimuli required cueing.
sity of all participants. 

nths) Sex 
Dialect variation 

from MAE 
Dialect density 

(%) 

M None 6 

F Strong 87 

F Strong 33 

F Strong 80 

M Strong 60 

F Strong 87 

F Strong 67 

F Some 47 

F None 13 

F Strong 100 

F Some 47 

g the DELV screener, which varied also considering age. MAE = 
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Table 2. Stimuli list of targeting final plosives within phrases. 

Target phrase Voicing Vowel Place of articulation 

I see a bag voiced /æ/ velar 

I see her back voiceless /æ/ velar 

I see a cab voiced /æ/ bilabial 

I see a cap voiceless /æ/ bilabial 

I see a cob voiced /ɑ/ bilabial 

I see a cop voiceless /ɑ/ bilabial 

I see a cub voiced /ʌ/ bilabial 

I see a cup voiceless /ʌ/ bilabial 

I see a dog voiced /ɑ/ velar 

I see a dock voiceless /ɑ/ velar 

The cat hid voiced /ɪ/ alveolar 

The girl hit voiceless /ɪ/ alveolar 

I see a log voiced /ɑ/ velar 

I see a lock voiceless /ɑ/ velar 

The man is mad voiced /æ/ alveolar 

I see a mat voiceless /æ/ alveolar 

I see a mob voiced /ɑ/ bilabial 

I see a mop voiceless /ɑ/ bilabial 

I see a pig voiced /ɪ/ velar 

I see the girl pick voiceless /ɪ/ velar 

I see a pod voiced /ɑ/ alveolar 

I see a pot voiceless / ɑ/ alveolar 

I see a robe voiced /oʊ/ bilabial 

I see a rope voiceless /oʊ/ bilabial 

I see them tug voiced /ʌ/ velar 

I see him tuck voiceless /ʌ/ velar 

What does the boy ride? voiced /aɪ/ alveolar 

What does the girl write? voiceless /aɪ/ alveolar 
Speech productions were recorded using a wireless 
or wired cardioid microphone placed on the right side of 
a vest placed on the child. Microphones were an average 
of 14.6-cm distance from the lips. The wireless battery 
pack was placed inside the secure vest worn by the child 
to minimize noise in the signal caused by interference 
with the microphone cord. Recordings were acquired at a 
44.1-kHz sampling rate and 16-bit quantization (Kehoe & 
Philippart de Foy, 2023), adhering to standards for high-
quality acoustic recordings. Audio files were exported as . 
wav files, and signal amplitudes were normalized prior to 
any data analysis to maintain amplitude consistency across 
recordings when presented to the speech-to-text software. 

Data Processing 

Speech targets were first orthographically transcribed 
using an established transcription protocol. The first author 
completed all AAE transcriptions using their dialectal and 
transcription expertise to provide consistency across all partici-
pants. Speech recordings analyzed did not include omissions 
or substitutions of target plosives within phrases; therefore, all 
Downloaded from: https://pubs.asha.org Victoria McKenna on 09/30/2025
final plosives  used in analysis were accurate MAE and/or 
AAE productions. The entire phrase was then played aloud 
from a speaker (JBL Control 1 Pro) placed 30 cm from a com-
puter that had Google’s speech-to-text software to provide 
ecological validity for the distance spoken when children uti-
lize speech-to-text systems. All phrases were presented in a 
sound booth to minimize any additional background noise. 
Google speech-to-text transcripts were then compared to the 
researcher’s transcription to determine if the whole word of 
each target minimal pair (e.g., cob, cop) was correctly or 
incorrectly transcribed by ASR. Correctly transcribed targets 
were coded as “0,” and incorrectly transcribed targets were 
coded as “1” for further analysis. See Table 3 for a descrip-
tion of the types of ASR transcription errors that occurred. 

Acoustic Measurements 
Semi-automated extraction with MATLAB. A semi-

automated algorithm (Heller Murray, 2024; Story & Bunton, 
2016) in MATLAB (Version R2023b) was utilized to extract 
average vowel F1. In brief, the algorithm automatically identi-
fied F1 values from the vowels extracted from the minimal pair 
target words and provided a spectrogram for the researcher to
Fletcher et al.: ASR Accuracy Factors of Child AAE Speakers 7
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Table 3. Automatic speech recognition (ASR) transcription error 
categorization. 

ASR transcription error categorization % 

Final consonant substitution: nonminimal pair contrasta 23.30 

Final consonant substitution: minimal pair contrastb 12.30 

Vowel substitution 8.09 

No transcription produced for target wordc 6.15 

Vowel and final consonant substitution 5.18 

Initial and final consonant substitution 2.91 

Initial consonant substitution 2.59 

Substitution of all phonemes within target wordd 2.59 

Final consonant addition 1.62 

a Final consonant substitution: nonminimal pair contrast: Errors were 
transcribed using phonemes other than the voiced/voiceless coun-
terpart. For example, a target of “cab” was transcribed as “cat.” 
b Final consonant substitution: minimal pair contrast: Errors were 
transcribed as the voiced/voiceless counterpart of the target word. 
For example, “cab” was transcribed as “cap.” c No transcription pro-
duced for target word: Errors were observed as no transcription 
provided by the ASR tool. d All phonemes substituted within target 
word: Errors were transcribed with no phonemes matching the tar-
get word. For example, a target of “cab” was transcribed as “dog.” 

 

 

review with formants identified. The researcher was then able 
to confirm or deny accurate identification of F1 by the algo-
rithm, using visual inspection and comparison to established 
F1 values in the literature (Chung, 2020; Holt, 2018; Lulich & 
Charles, 2020). The F1 average reported was over each vowel. 

When the algorithmic data of F1 were out of bounds of 
the established norms for child speech (Vorperian & Kent, 
2007), we utilized Praat for F1 extractions (please see further 
details below). Due to known difficulties in tracking formants 
in child speech (Derdemezis et al., 2016; Vallabha & Tuller, 
2002), of the 1,630 possible data points, 8% (131 points) of 
data were missing due to the inconsistencies of the semi-
automated algorithm and/or Praat difficulty identifying 
formants (Schiel & Zitzelsberger, 2018). 

Manual extraction with Pratt. We used Praat software 
(Version 6.13.17; Boersma & Weenink, 2018) to extract fre-
quency, durational, and formant measures from the vowel in 
the target final plosive minimal pair stimuli produced by the 
child AAE speakers. An undergraduate research assistant com-
pleted training in the processes related to frequency, formant, 
and durational measures analyzed in this study. Interrater reli-
ability was accomplished for all researchers prior to beginning 
analyses. Training reliability was established as an intraclass 
correlation coefficient (ICC) of > .80. After experimental data 
extraction, interrater reliability was also completed for a sample 
of 10% (n = 2) of participants for all acoustic measures (i.e., 
mean F0, F1 average, vowel duration), in which the researchers 
were  blinded to each other’s data extractions. The interrater 
reliability revealed good-to-excellent reliability (Koo & Li, 
2016) for mean F0 (ICC = .96), F1 average (ICC = .91), and 
vowel duration (ICC = .91) across the two samples. 
•8 Perspectives of the ASHA Special Interest Groups 1–20
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Experimental data extractions were completed as fol-
lows. First, Praat software parameters were established to 
extract acoustic measures. The pitch range was set between 
90 and 500 Hz, the window length was set to 0.025 s, and 
the formant maximum was set to 8000 Hz. Measures of 
mean F0, F1 average, and vowel duration were extracted 
manually. Measures of mean F0 (Hz) and  F1 (Hz) were
extracted from the vowel steady state, which was identified 
as the central, most stable portion of the vowel (0.050–0.100 
s). Vowel duration, measured in seconds, was defined as the 
timing between the commencement of periodicity in the 
waveform and a substantial decrease in amplitude or the 
transition to the following plosive (Hillenbrand et al., 1995). 

Statistical Analysis 
Statistical analyses were completed in SAS statistical 

software (Version 9.4). Descriptive statistics were reported 
to summarize the acoustic information for voiced and 
voiceless plosives. To address Research Aim 1, which 
sought to compare ASR inaccuracies between voiced and 
voiceless plosive productions, a mixed-effects logistic regres-
sion model (GLIMMIX procedure in SAS) that can accom-
modate the underlying associations induced by repeated 
measurements collected from the same subjects was created 
with plosive voicing (voiced, voiceless), and covariates of age 
(ranging from 4.0 to 9.4 years old), sex (male, female), and 
dialect density (%). Interaction terms were examined in each 
model. The outcome variable of the model was the binary 
inaccuracy (yes/no) for each word. Significance was p < .05
for the model. Then, separate receiver operator characteristic 
(ROC) curves were calculated, including 95% confidence 
intervals (CIs), to report which factors can predict ASR 
inaccuracies based on voiced and voiceless plosive data. 

To address Research Aim 2, we investigated the rela-
tionships between three acoustic measures (vowel duration, 
mean F0, and F1 average) and ASR accuracies by using sep-
arate mixed-effects logistic regression models for voiced and 
voiceless plosives. All other predictors remained the same as 
the model in Aim 1, including age, sex, and dialect density. 
Interaction terms were examined in each model. ASR inac-
curacy was once again defined as the binary (yes/no) out-
come measure. Separate ROC curves were generated for 
voiced and voiceless stimuli. 
Results 

Voiced Versus Voiceless Plosives, 
Research Aim 1 

In the mixed-effects logistic regression model, there 
was no significant association between ASR inaccuracy 
and plosive voicing (p = .77), nor inaccuracy and sex (p =
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.16). Interaction terms were not significant and so are not 
included in the tables or discussed further. ASR transcrip-
tion of voiced plosives was 41% inaccurate compared to 
43% inaccurate in transcribing voiceless plosives. Dialect 
density was not significant but approached significance (p = 
.07), with an increasing likelihood of inaccuracy as dialect 
density increased. Age was a significant predictor of inaccu-
racy (p < .001). As age decreased, inaccuracies increased. 
Further analysis of ROC curves for voiced and voiceless plo-
sives separately, after adjusting for age, sex, and dialect den-
sity, revealed areas under the curve (AUCs) of .68 (CI [.59, 
.77]) and 0.75 (CI [.67, .83]), respectively. See Table 4 for 
additional details regarding the logistic regression model. 

Acoustic Associations With ASR Inaccuracy 
by Voicing, Research Aim 2 

Summary statistics on voiced and voiceless plosive 
acoustics can be found in Table 5. As expected, voiced 
plosives had longer vowel durations (0.265 s vs. 0.175 s) 
as well as lower mean F0 (227 Hz vs.  251  Hz)  and
lower F1 formants (959.5 vs. 1013.3), compared to 
voiceless plosive productions. However, the mixed-
effects logistic regression models showed no association 
between ASR inaccuracy and these acoustic measures 
(mean F0, average F1, vowel duration). A trend in lon-
ger vowel durations during accurate ASR transcription 
is observed in Figure 1. Sex was not significant for 
either voiced or voiceless plosive models, and no inter-
action effects were significant either. For the voiced 
plosive model, dialect density was not a significant pre-
dictor (p = .77), and the factor of age only approached 
significance (p = .06). The AUC was .77 (CI [.69, 85]). 
However, both dialect density (p = .03) and age (p = 
.001) were significant predictors in the voiceless plosive 
model, with an AUC of .70 (CI [.61, 80]). Younger age 
Table 4. Statistical results for Aim 1 mixed-effects logistic regressions. 

Variable 

ASR inaccuracy 

Estimate SE p value

Intercept 4.658 1.353 .011*

Age (yrs) −0.641 0.170 < .001**

Gender Female 0.801 0.571 .162

Male (reference) — — —

Plosive voicing Voiced 0.074 0.253 .771

Voiceless (reference) — — —

Dialect density −0.017 0.009 .067

AUC (95% CI) .713 [.654, .772]

Note. Em dashes mark cells where calculations did not occur. ASR = 
curve; CI = confidence interval. 

*p < .05. **p < .01. 
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and lower dialect density were associated with greater 
inaccuracies. Figure 2 visualizes the trends in age and 
accuracy for voiced plosives (accurate M = 6.78 years; 
inaccurate M = 5.75 years) and for voiceless plosives 
(accurate M = 6.62 years; inaccurate M = 5.80 years). 
See Table 6 for additional details regarding the logistic 
regression model. 
Discussion 

This study investigated final plosive variations and the 
relationship between acoustic measures and speech recogni-
tion inaccuracy for child speakers of AAE using Google’s 
ASR technology, as well as factors (e.g., age, dialect den-
sity), which may impact acoustic measures and ASR tran-
scription accuracies. We found no significant differences in 
ASR inaccuracy between voiced and voiceless plosives in 
our sample, nor were there significant relationships between 
the targeted acoustic measures of AAE final plosives and the 
ASR inaccuracy; however, age and dialect density were sig-
nificantly related to ASR inaccuracy in voiceless plosives. 
Because these factors were not significant within ASR accu-
racy of voiced plosives, which display acoustic characteristics 
of AAE, the transcription inaccuracies within this study may 
be more so related to age than dialect density. 

A Comparison of Voiced Versus 
Voiceless Plosives 

Contrary to our hypothesis, the comparison of 
voiced and voiceless plosives did not reveal any significant 
differences, with inaccuracy rates of 41% versus 43%, 
respectively. This was unexpected because we expected a 
difference between the voiced and voiceless counterparts 
due to previous evidence on final plosive variation in
ASR inaccuracy 
(voiced plosives) 

ASR inaccuracy 
(voiceless plosives) 

 Estimate SE p value Estimate SE p value 

4.592 1.904 .047* 4.649 1.409 .013* 

 −0.652 0.241 .008** −0.617 0.178 < .001** 

0.814 0.812 .318 0.827 0.576 .153 

— — — — — —  

— — — — — —  

— — — — — —  

−0.014 0.013 .295 −0.020 0.010 .043* 

.748 [.669, .827] .679 [.592, .766] 

automatic speech recognition; yrs = years; AUC = area under the 
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Table 5. Descriptive statistics of voiced and voiceless plosive acoustics. 

Acoustic measure 
Plosive 
voicing N M SD Minimum Q1 Mdn Q3 Maximum 

Mean F0 (Hz) Voiced 137 227.69 49.64 151.03 193.85 217.24 254.35 441.15 

Voiceless 124 251.11 58.48 156.94 205.29 238.39 280.35 444.63 

F1 (Hz) Voiced 147 959.5 293.9 374.9 727.6 963.5 1,176.0 1,704.4 

Voiceless 145 1,013.3 321.0 411.8 767.9 1,039.0 1,187.2 2,233.5 

Vowel duration (s) Voiced 141 0.26522 0.06601 0.11000 0.21650 0.25600 0.30880 0.47000 

Voiceless 138 0.17518 0.04967 0.07000 0.13500 0.17395 0.21003 0.33100 

Note. F0 = fundamental frequency; F1 = first formant; Q1 = first quartile; Q3 = third quartile. 
AAE speakers, in which voiced final plosives can percep-
tually manifest as voiceless (Lisker, 1986). Therefore, we 
hypothesized the final voiced plosive variations would lead 
to greater ASR inaccuracies compared to voiceless; how-
ever, our findings did not support this. 

A trend in higher dialect density was observed for 
inaccurate ASR transcriptions (accurate = 53% dialect 
density rate, inaccurate = 61% dialect density rate); this 
approached significance, however, was not a statistically 
significant covariate in the model (p = .07). Given this 
information, it seems that dialect was not a factor in the 
accuracy of the ASR system. The description of ASR 
error types previously stated in Table 3 supports these 
results, as most errors were due to final consonant substi-
tutions of nonminimal pairs (23.3%) compared to minimal 
pair errors (12%). The minimal pair errors reflect ASRs’ 
inconsistency in recognizing the voiced plosive variation 
patterns of AAE. However, since most inaccuracies were 
related to nonminimal pairs, this can be considered less 
related to dialect, and more so age. The target plosives 
•

Figure 1. Interval plot of vowel duration by automatic speech recognition
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were substituted by phonemes that were not consistently 
of the same place and manner. For example, “cab” was 
transcribed as “cat” across eight speakers (Mage = 
6.2 years, Mdn = 5.7 years, range: 4.0–9.4 years), which 
does not represent a phonological process observed within 
child development (Cohen & Anderson, 2011). These find-
ings support that the improvements in Google ASR sys-
tems within adult speakers of nonmainstream dialects and 
languages (Zhang et al., 2023) may have expanded to chil-
dren, even though previous studies have expressed con-
cerns over the functioning of ASR for AAE speakers 
(Koenecke et al., 2020; Mengesha et al., 2021). 

Our findings are positive in that they support that 
Google may have improved algorithmic accuracy, related 
to dialect. Still, the current inaccuracies hovered around 
40%, markedly higher than previous reports of adult AAE 
speech at 30% (Koenecke et al., 2020). Our model did find 
a significant age effect with younger age of the child being 
related to higher inaccuracies. This result is consistent 
with previous studies (Johnson et al., 2023) on ASR
 (ASR) transcription inaccuracy. 
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Figure 2. Interval plot of mean age by automatic speech recognition (ASR) transcription inaccuracy. 
exhibiting difficulties with child speech. Therefore, as dia-
lect variation has become a focus within ASR improve-
ment, age more so appears to remain a limitation for the 
Google speech-to-text system. 

Acoustic Measurements and Voiced/ 
Voiceless Plosive Comparisons 

Using acoustic measures related to listener percep-
tion of AAE voiced final plosives variations (Benki, 2001; 
Lisker, 1986), our second aim explored whether these 
same measures inform ASR transcription accuracy of 
AAE final plosives. Unexpectedly, the acoustic measures 
Table 6. Statistical results for Aim 2 mixed-effects logistic regressions. 

Variable 

ASR inaccuracy ASR i

Estimate SE p value Estim

Intercept 3.411 1.624 .074 1.9

Age (yrs) −0.607 0.180 < .001** −0.5
Gender: Female 0.748 0.612 .223 0.7

Male (reference) — — — —

Dialect density −0.015 0.010 .137 −0.0
Mean F0 0.002 0.003 .531 0.0

Average F1 0.0005 0.0005 .303 0.0

Vowel duration 0.0134 1.954 .995 −2.4
AUC (95% CI) .721 [.658, .784] .7

Note. Em dashes mark cells where calculations did not occur. ASR = 
quency; F1 = first formant; AUC = area under the curve; CI = confidence 

*p < .05. **p < .01.
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in this study (vowel duration, F0, and F1 average) did not 
have a statistically significant relationship with ASR tran-
scription accuracies. Likely, other features of speech (e.g., 
consonant variability, intonation patterns, speech rate, or 
phonological processes) perhaps provided more relevant 
information for the ASR system (Johnson et al., 2023; 
Radha et al., 2022). Furthermore, ASR systems often rely 
on contextual and linguistic information in addition to 
acoustic features to reduce inaccuracies. The system’s reli-
ance on a broader linguistic context might compensate for 
the influence of the information, or lack thereof, that indi-
vidual acoustic measures provide. In the present study, 
a simple carrier phrase was used consistently across all
naccuracy (voiced plosives) 
ASR inaccuracy (voiceless 

plosives) 

ate SE p value Estimate SE p value 

61 2.675 .487 4.534 1.868 .046* 

29 0.284 .065 −0.678 0.208 .002** 

62 1.001 .448 1.037 0.672 .126 

— — — — —  

05 0.016 .772 −0.026 0.012 .038* 

05 0.005 .312 0.001 0.003 .771 

007 0.0007 .293 0.0003 0.0007 .617 

51 3.246 .452 −0.201 3.961 .960 

68 [.689, .847] .703 [.609, .798] 

automatic speech recognition; yrs = years; F0 = fundamental fre-
interval. 
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stimuli (“I see a _____”) in order to reduce linguistic pre-
diction patterns and force a reliance on acoustic fea-
tures of the minimal pair word. Google’s ASR  algo  
rithm was able to utilize other acoustic information of 
the preceding vowels and plosives to make correct dis-
tinctions between voiced/voiceless and predict the target 
word at similar rates.

Dialect Density and Age as Factors for ASR 
Inaccuracy in Voiceless Plosives 

Investigation of additional factors that may have 
impacted transcription accuracies revealed that dialect 
density and age were significant predictors only for voice-
less plosives. Within the context of this study, age and dia-
lect density did not impact ASR inaccuracy specifically in 
tokens that reflect the phonological patterns of AAE (i.e., 
voiced plosives). 

Although we saw a trend for higher dialect density 
percentages during inaccurate ASR transcriptions (accu-
rate = 53%, inaccurate = 61%) in the large model that 
evaluated voiced versus voiceless plosives, the relationship 
appeared to change within the analysis of voiceless plo-
sives. The analysis revealed lower dialect density was asso-
ciated with higher ASR inaccuracy, a result in complete 
opposition to our prediction. 
Dialect Density as a Factor of ASR Inaccuracy 
The phonological pattern of voiced final plosive vari-

ation involves the production of a final voiced plosive (i.e., 
/kæb/), which may be produced as voiced (i.e., /kæb/), 
voiceless (e.g., /kæp/), no plosive produced (e.g., /kæ/), or 
glottalized production of the voiced plosive (e.g., /kæʔ/). 
Children who speak AAE are often bidialectal and commu-
nicate using AAE and MAE based on the environment. 
Therefore, code mixing—or the interchangeable use of at 
least two dialects or languages during speech depending 
on the environment (Kim, 2006)—is common for AAE 
speakers. Based on the translanguaging theoretical frame-
work (García & Lin, 2016), we acknowledge there is a 
continuum of AAE use ranging from “no use” to “com-
plete use” of AAE phonological and other linguistic fea-
tures (i.e., morphosyntatic, semantic, and prosodic), 
where in the case of these participants there is a contin-
uous interplay between the use of AAE and MAE dur-
ing conversation and tasks. AAE speakers can present 
with a great deal of variability in the use of AAE 
and MAE productions due to how each speaker uses 
this continuum across different environments (Giles & 
Hewstone, 1982). One reason for less impact of dialect 
density on ASR transcription in child AAE speakers 
with higher dialectal density may be due to the similar-
ity in the acoustical production of voiceless plosives 
•12 Perspectives of the ASHA Special Interest Groups 1–20
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between AAE and MAE speech, enabling accurate ASR 
discrimination based on the more commonly trained 
MAE speech patterns. 

Google Cloud’s speech-to-text application program-
ming interface specifically utilizes Chirp as its ASR model 
(Zhang et al., 2023). It aims to address the challenge of 
limited training data by first being pretrained on a large 
unlabeled multilingual data set (12+ million hours of 
YouTube-based audio in 300+ languages, with no text 
attached) and then optionally fine-tuned with a smaller 
data set of labeled multilingual data (i.e., audio with 
corresponding text) and an additional text-only corpus. 
ASR recognition is then completed using end-to-end 
approaches based on various types of recurrent neural 
networks, for example, Connectionist Temporal Classi-
fication (Graves et al., 2006) and Listen, Attend and 
Spell (Chan et al., 2016; Chiu et al., 2018) transducers, 
with the most effective algorithm depending on the 
task. Therefore, another reasoning for dialect density 
not impacting ASR transcription accuracy of voiceless 
plosives could be that Google’s speech-to-text technol-
ogy may have algorithmic properties that effectively 
discern voiceless plosives regardless of dialect density, 
due to Google’s broad multilingual training goals. 
Age as a Factor of ASR Inaccuracy 
Age-related speech developmental changes should be 

considered for the optimization of ASR systems utilized 
for child speech. Compared to adult speakers, children’s 
speech is characterized by higher variability across acous-
tic measures due to ongoing motor and linguistic develop-
ment (Kent et al., 2010). This variability stems from the 
early-stage development of the anatomical structures 
involved in speech production and the gradual acquisition 
of motor control (Kent, 1976; Lee et al., 1997). As chil-
dren grow older, their articulatory systems develop ana-
tomically and motorically, allowing them to gain greater 
precision and consistency in producing phonological and 
intonational features (Bhardwaj et al., 2022). Previous lit-
erature supports children achieve the phonetic inventory 
similar to adults at approximately 6 years (Crowe & 
McLeod, 2020a); however, vocal development (with 
regard to F0 changes and formant shifts) and a decrease 
in speech disfluencies both continue into the teenage years 
with the onset and process of puberty (Bhardwaj et al., 
2022; Evans et al., 2008; Gelfer & Denor, 2014). Because 
the most popular and accessible ASR systems are solely 
or mostly trained on adult speech, word error rates have 
historically been two to five times greater with child 
speech compared to adults (Potamianos & Narayanan, 
2003). Differences in these features across development, as 
compared to adults, may contribute to the poor accuracy 
of ASR systems (Bhardwaj et al., 2022; Kumar et al.,
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2020). That is, a child’s speech is more variable (Levy & 
Hanulíková, 2019) as they establish adultlike speech pat-
terns and furthermore have different acoustic features (i.e., 
higher F0, higher formant values) when compared to 
adults (Gerosa et al., 2007; Potamianos et al., 1997). 

Our findings reflect the impact of the anatomic and 
motoric maturity in ASR transcription accuracy, specifi-
cally in the context of voiceless plosives. One theory may 
lie in the motor development of vocal fold abduction and 
oral articulation coordination timing required for voiceless 
plosive production. Regarding final plosives, children can 
continue voicing from the preceding vowel to slightly after 
the plosive articulatory closure to produce a voiced plosive 
(Higgs & Hodson, 1978), but the temporal coordination 
between phonation, abduction, and articulation can be 
more difficult for voiceless plosive production for younger 
children. Voiceless plosive production is characterized by 
the abduction of the vocal folds to release air into the 
glottis to the targeted constriction point. In the context of 
final plosives, precise timing and placement of the articu-
lators are required to transition from vocal fold adduction 
of the preceding voiced vowel to the vocal fold abduction 
for production of the final voiceless phoneme (Dixit, 1989; 
Grigos et al., 2005; Löfqvist, 1980; Modolo et al., 2010; 
Munhall et al., 1994). These speech, motor, and vocal 
skills are acquired across child development, which do not 
reach full maturation until approximately 12 years (Kent, 
1976; Kewley-Port & Preston, 1974). There is a discrep-
ancy in acquisition development specifically related to 
plosives, where Crowe and McLeod (2020) states this 
occurs before the age of approximately 4 years, and 
other studies identify a higher mean age of approxi-
mately 6 years (Gilbert & Purves, 1977; Kewley-Port & 
Preston, 1974; Zlatin & Koenigsknecht, 1976). Studies 
such as Wilpon and Jacobsen (1996) have found greater 
accuracies of ASR that use acoustic models that were 
trained  with and  performed on specific age  ranges. Our
data support an inaccuracy shift between the ages of 5 
and 6 years with inaccurate voiceless plosive productions 
an average of 5.8 years and accurate productions of 
6.7 years. Therefore, further investigation into the transi-
tion from inaccurate to accurate ASR transcription in a 
more focused age cohort (i.e., children aged 4–7 years) 
may be beneficial to fully tease out the importance of 
maturation, motor control, and critical age ranges related 
to ASR inaccuracy. 

ASR Inaccuracy With Voiced Plosives 

The lack of significance for these factors in voiced 
plosives, which inherently display acoustic characteristics 
of AAE (e.g., glottalizing final stops or devoicing pat-
terns), suggests transcription inaccuracies observed in this 
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study may be more closely tied to age-related articula-
tory or acoustic variability than dialect density. This 
finding implies that the developmental stage of the 
speaker plays a more prominent role in ASR perfor-
mance when it comes to voiced plosives, potentially 
because ASR models may be less sensitive to age-related 
speech variability compared to dialectal nuances. Alter-
natively, the acoustic cues associated with voiced plosives 
in AAE might be better captured or interpreted by the 
ASR system, thereby reducing the impact of dialect den-
sity on transcription accuracy related to this specific pho-
nological pattern. 

Acoustic features, which characterize the production 
of voiced final plosive variations in AAE, are established 
within the literature (Lee et al., 2022; Lisker, 1986). We 
investigated the impact of three of those features, includ-
ing mean F0, F1, and the duration of the preceding vowel. 
However, there is an additional measure to consider: the 
F1 transition. The acoustic characterization of a final 
voiced plosive variation based on F1 transition includes a 
downward trajectory (curved decrease) in the F1 transition 
between the end of the preceding vowel to the end of voic-
ing. Such specific and consistent measures may be col-
lected within the spectral features of ASR algorithm dur-
ing training. Furthermore, previous research has sup-
ported using more specific frequency information (i.e., 
harmonics, mel cepstral coefficients) to improve algo-
rithmic accuracy (Krishna et al., 2020; Radha et al., 
2022; Yarra & Ghosh, 2018; Yeung et al., 2021). The 
ASR system may have captured and utilized these more 
so than mean F0. Further investigation into the  interac-
tion between age, dialect density, acoustic measures, 
and specific phoneme characteristics (such as F1 transi-
tions and harmonics) is necessary to fully understand 
how these factors influence ASR inaccuracies and to 
identify ways to improve transcription accuracy for 
child speakers of AAE. 

Therefore, we recommend that developers of ASR 
systems account for varying dialect densities across dif-
ferent age groups. For instance, developers should con-
sider anatomical and motor maturation when develop-
ing ASR systems for children 5 years and younger. Spe-
cifically, the system should be trained to handle higher 
dialect densities typical of this age group, especially 
when designing educational tools for young children. 
While dialectal variation continues to be present for 
older children, the dialect density may be lower when 
using educational resources due to environmental fac-
tors such as increased exposure to the mainstream dia-
lect and increased ability to code-switch between dia-
lects (Stockman, 1996). Hence, accessibility may be less 
of an issue for older children using ASR in homes and 
educational settings.
Fletcher et al.: ASR Accuracy Factors of Child AAE Speakers 13
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Implications and Directions for 
AI Development 

The increasing prevalence of AI software in educa-
tional and clinical settings has highlighted significant chal-
lenges, particularly in the inaccuracy of speech-to-text sys-
tems for child speakers. Major ASR providers such as 
Google, Amazon, Apple, and IBM have shown reduced 
accuracies when processing the speech of adult speakers of 
AAE (Koenecke et al., 2020), which is posited to present 
a barrier to effective use in these critical settings for child 
AAE speakers. While expanding training data sets to 
include more children’s speech and various dialects is a 
common approach to addressing this issue, it is a time-
consuming process that requires extensive data collection. 
Therefore, it is imperative to explore alternative solutions 
that can bridge this gap more efficiently, such as the 
development of acoustic algorithms that are inclusive of 
nonmainstream American dialectal patterns (Johnson 
et al., 2023, 2024; Radha et al., 2022). 

One promising avenue is to leverage the perceptual 
acoustic cues that enable humans to distinguish and 
understand different dialects and languages. Humans uti-
lize a range of acoustic features, such as intonation, 
rhythm, and phoneme variation, to accurately perceive 
and interpret speech across diverse dialects and languages 
(Jackson, 2021; Pisoni & Remez, 2006). By incorporating 
these perceptual acoustic cues into ASR systems, devel-
opers could enhance the systems’ ability to recognize and 
accurately transcribe children’s speech without solely rely-
ing on large amounts of training data. This approach 
could involve the integration of advanced acoustic model-
ing techniques that mimic human auditory perception, 
thus improving the robustness of ASR systems in under-
standing the speech patterns of children. 

In order for the system to gain the information 
required to predict and interpret dialectal differences, an 
immense amount of time and data is required to train 
ASR systems. There are methods that allow these systems 
to adapt preexisting models trained on adult speech to 
better recognize children’s speech. One such method is 
transfer learning, which involves taking a model trained 
on a large data set (such as adult speech) and fine-tuning 
it with a smaller, more specific data set (such as children’s 
speech; Tong et al., 2017). Domain adaptation, on the 
other hand, focuses on adjusting the model to perform 
well in a new domain (children’s speech) based on knowl-
edge gained from a related domain (adult speech; Fan 
et al., 2022). These methods could be helpful considering 
the availability of large data sets consisting of adult AAE 
speech that is available and used to train current models, 
which could then be fine-tuned to children’s speech of the 
same dialect. Both techniques can significantly reduce the 
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need for extensive new data collection while improving 
ASR accuracy for child speakers. 

By combining these advanced techniques with an 
understanding of human perceptual cues, researchers and 
developers can create more effective and inclusive ASR 
systems that cater to the diverse speech characteristics of 
children. Collaboration with communities to collect these 
data ethically and inclusively will be essential. Further-
more, evaluating the effectiveness of these more represen-
tative models in both home and educational settings can 
help identify specific areas for improvement and ensure 
that ASR technology is equitable and accessible for all 
users, regardless of age and dialect. 

Further consideration should be given to clinical chal-
lenges related to the use of ASR systems for AAE children. 
Considering the vast potential for ASR to be used as a tool 
to assess and treat speech sound disorders, accurate use of 
acoustic algorithms depends on the knowledge of how to 
provide the right settings to account for factors such as age, 
sex, quality of the recording, task, and measurements 
(Schiel & Zitzelsberger, 2018). Additionally, traditional 
ASR systems often rely on MFCCs, which does not tend to 
emphasize higher frequency ranges (Zhou et al., 2011). This 
can be problematic for accurately capturing fricative sounds 
and other phonetic nuances in children’s speech that tend 
to be produced at higher frequency ranges than adults. As 
a result, ASR systems may struggle with correctly recogniz-
ing and processing the speech patterns of children, including 
those who speak AAE, leading to potential misdiagnoses or 
inadequate support for speech sound disorders. 

Finally, the limitations of current technological 
hardware and software acquisition and preprocessing of 
signals can significantly impact the accurate collection of 
child speech data. Many ASR systems and their associated 
hardware are designed with adult speakers in mind, lack-
ing the sensitivity and precision needed for younger users. 
Children’s voices, with their higher F0 and formants (Lee 
et al., 1997) and greater variability (Hill et al., 2013), 
often require more sophisticated and sensitive recording 
equipment to ensure accurate data capture. Both software 
and hardware developers should follow guidelines set forth 
by expert speech and voice scientists to ensure high-
quality acoustic recordings (e.g., microphone specifica-
tions, sampling rates appropriate for child speech, and 
data compression concerns on smart devices; Cavalcanti 
et al., 2023; Patel et al., 2018; Vogel & Morgan, 2009) to 
lay the foundation for ASR technology to work with the 
acquired acoustic signals. Therefore, advancing ASR tech-
nology for children, especially those speaking AAE, neces-
sitates improvements in both algorithmic approaches and 
the hardware used for data collection to ensure more reli-
able and clinically useful outcomes.
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Limitations 

Due to this being a pilot investigation, our study 
had a relatively small number of participants that may 
have limited statistical power and the ability to detect sig-
nificance. A larger sample size could provide more robust 
data, explore interaction effects, and potentially reveal sig-
nificant patterns that were not apparent in this study. 
Although interaction terms were examined, they often 
encountered estimation issues, such as convergence failures 
or negative variance estimates, which is likely due to the 
sample size and a limitation of this study. Therefore, a 
larger group would allow for incorporation and interpreta-
tion of more representative statistical interactions. 

AAE-speaking boys consistently exhibit higher dia-
lectal density than girls (Washington & Craig, 1998). 
However, our sample does not have an equal represen-
tation of both genders. To assess potential skewness in 
the data, we conducted a correlational analysis between 
age and dialectal density for the entire sample of boys 
and girls (N = 11) and compared it to the analysis for 
the subset of girls  only  (N = 9). We found no significant 
differences between the two analyses and therefore 
included the entire sample in our study. Future research 
should aim to match participants by both age and gen-
der to better control for these variables. 

The researcher was bidialectal and used a range of 
both AAE and MAE phonological and morphosyntactic 
patterns. When providing nonimmediate repetition of stim-
uli during minimal pair phrases, the researchers range was 
not considered when eliciting the speech of the child AAE 
speakers. This could have impacted the consistency of the 
stimuli presentation, specifically related to AAE produc-
tions, potentially introducing bias or variability that may 
have influenced the participants’ responses and the overall 
validity of the study’s findings. However, we think this is 
unlikely given that children tend to use their own patterns 
given delayed repetition of speech patterns. Nevertheless, 
future research should aim to control these variables more 
rigorously. Increasing the sample size and controlling how 
stimuli is prompted or modeled by administers could help 
in isolating the effects of dialect use on ASR accuracy. 

Collecting data within the natural home environment 
posed limitations when evaluating the effectiveness of AI 
tools in educational environments. However, data collection 
in the home also provided a broader representation of AAE 
beyond the educational context. Clinical and educational 
tools can also be utilized at home, highlighting the impor-
tance of gathering data in diverse settings. Still, collecting 
data in natural environments introduced challenges in acous-
tic analysis due to noise impacting the acoustic signals and 
subsequent formant estimations. Therefore, data collection in 
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a sound booth would mitigate these acoustic interferences, 
allowing for a more accurate detection of formant data and 
reduce missing data from the acoustic analyses. 

Dialectal density was calculated using the DELV 
screener, which provided scores related to the phonolo-
gical, morphological, and syntactic variation of the 
speakers. This score may have been more reflective of the 
variation within the task by being derived from the per-
centage of phonological productions from the target mini-
mal pairs used in this study. Therefore, a perceptual anal-
ysis of stimuli, to determine AAE variation, or calculation 
of dialectal density based on the stimuli may better repre-
sent dialectal variation for the specific task. 

Additionally, our study only examined one AAE 
feature of voiced plosive variation; however, there are 
many additional aspects of AAE speech that may contrib-
ute to ASR inaccuracies. As mentioned, even adult 
speakers of AAE experience difficulties with using ASR to 
interpret their speech (Koenecke et al., 2020; Mengesha 
et al., 2021). Characteristics of interdental fricative varia-
tions (e.g., “they” pronounced as /deɪy/, consonant cluster 
variations; e.g., “street” pronounced as /skrit/) and plo-
sives not produced in consonant clusters of plural words 
(e.g., “desks” pronounced as /dɛsʌz/) are additional pat-
terns that could be investigated further (Lee, 2021). 
Within these, specific spectral acoustic parameters such as 
vowel inherent spectral change and fricative center of 
gravity may be useful to examine and characterize varia-
tion in these features (Holt & Ellis, 2018). 

Lastly, enrolling more participants within a targeted 
age range that is reflective of speech developmental matu-
ration could be beneficial for developing educational tools 
targeted for specific ages. Child consonant acquisition 
occurs around 5 years, and our results showed differences 
in ASR transcription accuracy between 5 and 7 years. 
This range includes kindergarten age where children are 
first in schools and acquiring literacy skills and undergo-
ing critical phonological development. As children con-
tinue in schooling, maturation of code-switching is likely 
to occur, and therefore, we could investigate the interac-
tion between all factors including age, dialect density, and 
code-switching abilities. 
Conclusions 

This study investigated the impact of acoustic mea-
sures (mean F0, F1, and vowel duration), age, and dialect 
density on Google speech-to-text transcription accuracy in 
voiced and voiceless plosive productions within child AAE 
speech. We found that our specific acoustic measures did 
not impact ASR accuracy. However, age and dialect
Fletcher et al.: ASR Accuracy Factors of Child AAE Speakers 15
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density influenced transcription accuracy for voiceless plo-
sives, with age having a greater effect than dialect density. 

These findings highlight the importance of consider-
ing developmental and dialectal variations in ASR perfor-
mance. Future research should explore the relationship 
between age and dialect density in greater detail and examine 
these factors within a larger sample. Additionally, continued 
evaluation of AI and ASR technologies tailored for diverse 
American dialects, including AAE, is necessary to improve 
digital inclusivity. This includes developing AI-driven lan-
guage assessment and intervention tools that account for dia-
lectal phonological and syntactic features. Enhancing tran-
scription accuracy for AAE speakers could lead to more 
effective educational and clinical applications, benefiting 
speech recognition services across various domains. 
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