Proceedings of
Meetings on Acoustics

Volume 61 http://acousticalsociety.org/

190th Meeting of the Acoustical Society of America
Philadelphia, Pennsylvania
11-15 May 2026

Speech Communication: Paper 2pSC10

The influence of transcriber and task factors on the quality of
ASR datasets for minoritized language varieties

Rachel Hayes-Harb and Shannon Barrios
Department of Linguistics, University of Utah, Salt Lake City, UT, 84112, USA; r.hayes-harb@utah.edu;
s.barrios@utah.edu

Neal Patwari and Maneesha Rani Saha
Kahlert School of Computing, University of Utah, Salt Lake City, UT, 84112, USA;
neal.patwari@utah.edu; maneesha.saha@utah.edu

Automatic speech recognition (ASR) systems have become ubiquitous, and they provide an increasingly
unavoidable means for human-computer interaction. Unfortunately, they typically perform better for
speakers of historically favored languages and accents, with particularly inaccurate performance for so-
called “non-native” accents. ASR performance depends on large and diverse speech corpora that include
audio recordings with accurate labels, and solutions to ASR system bias typically call for larger datasets,
assuming that more data from diverse speakers will reduce accent bias. However, more data alone does not
solve the problem of disparate labeling errors for some accents. Our goal is to mitigate the biases that
permeate ASR by exploring psycholinguistically-informed methods for dataset construction by examining
the generalizability of listener and task factors that are known to modulate transcription accuracy in
laboratory studies in contexts designed to resemble crowdsourced ASR dataset development. Over several
experiments we have found mixed support for the hypotheses that transcription accuracy will be higher
when: (1) talkers and listeners have similar first language backgrounds; (2) listeners self-identify as
familiar with the talker’s accent; and (3) audio recordings are presented in single-talker versus mixed-talker
blocks.
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1. INTRODUCTION

Automatic speech recognition (ASR) systems have become ubiquitous, and provide an increasingly un-
avoidable means for human-computer interaction. Unfortunately, ASR services have disparate performance,
typically performing better for speakers of historically favored languages (Sprugnoli et al., 2017) and accents
(Markl, 2022), and for speakers with so-called “native” (as opposed to “non-native”) accents (DiChristofano
et al., 2023).

ASR performance depends on the availability of diverse and large high-quality speech corpora that in-
clude audio recordings of speech and their accurate transcriptions (also known as “labels” or “ground truth”).
Sufficient transcription data remains critical in ASR, despite the success of semi-supervised approaches to
reduce the required quantity of labeled data (Synnaeve et al., 2019; Radford et al., 2023). Generally, tran-
scriptions for ASR datasets are obtained by crowdsourcing rather than by “expert” transcribers due to the
expense of paying for transcriptions. Crowdsourced transcription can reduce the time and cost of transcrip-
tion (Sprugnoli et al., 2017), and producing open datasets with low barriers to participation as a speaker
or transcriber has the potential to increase the linguistic diversity represented in datasets. However, crowd-
sourced transcription tends to be of lower quality than expert transcription, and despite its promise, “the
viability of methods for crowdsourcing speech transcription significantly depends on the target language”
(Sprugnoli et al., 2017, p. 284).

A growing body of research on ASR systems documents bias in both the datasets and the performance of
ASR systems. This work often leads to proposed solutions, including calls for greater diversity of speakers
(Koenecke et al., 2020; Maison & Esteve, 2023). For example, in response to criticisms of accent bias in
Alexa, Amazon claimed that “as more people speak to Alexa, and with various accents, Alexa’s understand-
ing will improve” (Harwell, 2018). However, it is not clear, even if their products collect a more diverse
set of speech samples, that the “accent gap” will close, since little work has addressed inaccuracies in the
labeling of collected audio speech samples. In fact, research rarely acknowledges transcribers or familiarity
with diverse accents, which can lead to disparate labeling errors for accents that transcribers are less familiar
with (Prinos et al., 2024). In short, larger quantities of speech samples from minoritized language varieties
are insufficient alone to reduce accent bias if transcription errors are higher for those samples. The goal of
our ongoing project is to mitigate the biases that permeate ASR by exploring psycholinguistically-informed
methods for high-quality dataset construction for marginalized accents.

A. THE ROLE OF THE LISTENER IN TRANSCRIPTION ACCURACY

Similarities between the linguistic backgrounds of speakers and listeners can support listening compre-
hension speed and accuracy. For example, Adank et al. (2009) found a listening comprehension advantage
for speakers of so-called Standard British English listening to other speakers with their same accent com-
pared to Glaswegian English-accented speech. Other work has demonstrated that language learners can be
even more accurate than first language speakers when transcribing the speech of other language learners
with whom they share a first language background. For example, Xie and Fowler (2013) found that listen-
ers whose first language is Mandarin outperformed those whose first language is English when identifying
words produced in Mandarin-accented English. However, evidence for a benefit of a shared language back-
ground has been mixed, with some finding the benefit for some but not all pairs of listeners and talkers
(Munro et al., 2006; Hayes-Harb et al., 2008).

In work in the field of computer science, researchers have independently hypothesized the existence of
an intelligibility benefit, recommending that researchers “ensure that transcribers are fluent in the accent
of the speakers whose speech they transcribe” (Prinos et al., 2024, p. 1251). However, one challenge as-
sociated with crowdsourced speech labeling is the collection of useful and accurate self-reported language
background information from both speakers and transcribers. For example, Mozilla Common Voice (Ardila
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et al., 2020) asks account holders (who may act as speakers and/or transcribers) to identify one or more lan-
guages, and for each language identified, are asked “How would you describe your accent?”. The latter is an
open-ended question that provides a number of vague pre-set response options (e.g., United States English,
England English). Inspection of Mozilla Common Voice datasets (available at mozilladatacollective.com)
reveals that contributors use a wide range of descriptors for their accents, reinforcing the challenge of neatly
and accurately capturing an individual’s relevant linguistic background. In the experiment reported here, we
ask whether the assessment of broad similarities between self-reported language backgrounds of speakers
and listeners that are permitted by such platforms are associated with an intelligibility benefit (observed as
increased transcription accuracy) in a crowdsourced transcription task.

We are further interested in whether there are alternative options for quickly and easily assessing lan-
guage experience that will predict individuals’ accuracy transcribing particular accents. Kennedy and Trofi-
movich (2008) found that listeners’ experience with the speech of second language learners of English in
general predicted their transcription accuracy for learner-accented English speech. Alexander and Nygaard
(2019) found evidence that the transcription accuracy benefit associated with learner-accented speech experi-
ence is to some extent accent-specific: participants trained on Korean- or Spanish-accented speech exhibited
higher transcription accuracy at test for the accent they were trained on relative to the other accent. Given
such findings, here we ask participants to report their familiarity with several learner accents of English,
with the hypothesis that these self-assessments may provide an additional and/or alternative way to predict
their ability to accurately transcribe speech samples.

B. TASK FACTORS AFFECTING TRANSCRIPTION ACCURACY

Psycholinguistics research shows that listeners rapidly and robustly adapt to unfamiliar accents over the
course of exposure, whether that exposure occurs in daily life (Kennedy & Trofimovich, 2008) or in the
context of a listening experiment (Clarke & Garrett, 2004; Maye et al., 2008; Xie et al., 2017). A second
well-documented finding in psycholinguistics is that speech processing is slower and/or less accurate when
talker variability is high, than when talker variability is limited (Mullennix et al., 1989; McLaughlin et
al., 2024). Specifically, transcriptions are more accurate in single-talker conditions (with speech samples
blocked by speaker) than in mixed-talker conditions (where speech samples from multiple talkers are mixed;
Mullennix et al., 1989), especially when the accent is unfamiliar to the transcribers and/or the signal is
degraded by noise (Tamati & Pisoni, 2014). Here we investigate whether adjustments to the organization of
speech samples presented to transcribers impacts transcription accuracy in crowdsourced data collection.

C. RESEARCH QUESTIONS

The experiment described below is designed to answer the following research questions: (1) Is transcrip-
tion accuracy higher when talkers and listeners have similar first language backgrounds?; (2) Is transcription
accuracy higher when listeners self-identify as familiar with the talker’s accent?; and (3) Is transcription ac-
curacy higher when audio recordings are presented in single- versus multi-talker blocks?

2. EXPERIMENT

Study materials (except for the materials downloaded from the ALLSTAR database), analysis code, and
anonymized data are available on the Open Science Framework at https://osf.io/d8xy9/.

A. PARTICIPANTS

Three hundred and seven participants were recruited via Prolific.co and and paid at a rate of 12 USD
per hour to complete the ~ 20-minute experiment. All participants met the Prolific profile criterion of self-
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reported fluency in English. Sixty-five of these participants were recruited with the additional specification
that their Prolific profile indicated Mandarin as the participant’s first language. Thirty-three participants
were excluded for missing one or more of three attention check questions; fourteen additional participants
who were specifically recruited based on their Prolific profiles indicating Mandarin as a first language were
excluded because they indicated a different first language in the pre-task questionnaire; and five more partic-
ipants were excluded because they indicated both English and Mandarin as first languages, and they did not
make a large enough group to separately analyze as an early multilingual Mandarin and English group. Data
from the remaining 255 participants were included in the analyses. Participants were randomly assigned to
one of four conditions: three single-talker conditions and one multi-talker condition. They are summarized
in Table 1, along with age and sex information collected during a pre-task questionnaire.

Table 1: Participant characteristics by talker condition and first language.

Talker Condition First Language N Mean Age Female / Male / Self-describe

English 34 35 24/10/0
Single: M35 Mandarin 15 34 12/2/1
Other 14 37 6/8/0
English 42 33 24/18/0
Single: M39 Mandarin 8 33 5/3/0
Other 12 31 6/6/0
English 29 37 19/10/0
Single: M43 Mandarin 16 31 6/10/0
Other 23 33 12/11/0
English 33 41 18/15/0
Multi Mandarin 12 34 8/4/0
Other 17 34 8/9/0

B. SPEECH MATERIALS

The speech materials were 60 of the Hearing in Noise Test sentences produced by three L1 Chinese
Mandarin talkers (M35, M39, M43) from the ALLSTAR corpus (Bradlow, n.d.). These materials were
selected because they provide a matched set of read sentences for all three speakers, have accompanying
transcriptions, and represent speech materials from a marginalized variety of English. The audio files were
mixed with speech-shaped noise (Demonte, 2019) at a signal-to-noise ratio of zero using a script (McCloy,
2013) using Praat (Boersma & Weenink, 2020) in order to avoid ceiling effects on transcription that might
obscure effects of the variables of interest. In the single talker conditions, all 60 sentences were produced
by one of the three talkers. In the multi-talker condition, we created three counterbalance lists where the 60
sentences were randomly assigned to the three talkers such that each talker produced 20 of the sentences.
Pilot transcription data involving talker M39 suggested that 20 sentences was sufficient to observe adaptation
to the talker. Participants in the multi-talker condition were randomly assigned to the three counterbalance
lists.
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C. PROCEDURES

From Prolific, participants were redirected to the experiment, which was conducted in PsychToolkit
(Stoet, 2010, 2017). Participants were first presented with information about the study and upon consenting
to participate, they proceeded to the pre-task questionnaire. The pre-task questionnaire asked participants to
indicate their age and sex, as well as use of and familiarity with several languages and language varieties,
including English and Mandarin, and also included items assessing their beliefs about language and accents.
Items relating to languages other than Mandarin and English (e.g., Russian, Turkish, Korean, etc.) were
included as distractors and are not analyzed here. Two items were included in the pre-task questionnaire as
attention checks. The relevant pre-task questionnaire items are listed in Table 2.

Table 2: Pre-task questionnaire items. The associated variable names are presented in italics.

Item Response Options

Is English your first language, or one of your first  Yes, English is my first language
languages? — firstLang No, I speak English as a second language. My
first language(s) is(are): [text response]

Do you speak Mandarin? — firstLang Yes, Mandarin is my first language
No, I don’t speak Mandarin

Yes, I speak Mandarin as a second language

Use the slider to indicate how familiar you are Not at all familiar — Very familiar (0-10 scale)
with Mandarin-accented English —
mandAccentFam

I am good at understanding accents that are dif- Strongly disagree — Strongly agree (0-10 slider)
ferent from mine. — goodAtAccents

I interact frequently with people whose accents Strongly disagree — Strongly agree (0-10 slider)
are different from mine. — interactAccents

For each statement, indicate your level of agree- Strongly disagree — Strongly agree (0-10 slider)
ment. (see Note for the beliefs statements) —
beliefsAccentGoals, beliefsAccentDifficult

The four beliefs statements: (a) The goal of a language learner should be to pronounce the language like a
native speaker, (b) The goal of a language learner should be to speak with a standard accent in the language;
(c) Non-native accents make it hard for me to understand speech; and (d) Non-standard accents make it hard
for me to understand speech.

In the sentence transcription task, participants first heard an example sentence produced by a speaker
of English as a first language for the purpose of adjusting their headphone volume. Next, they completed a
practice trial produced by the same talker to get accustomed to the transcription task. On this and each of
the sixty test trials, participants heard a sentence and saw the instructions: “Type the sentence you hear as
completely and accurately as possible. Press RETURN/ENTER when you are done. You have 10 seconds
to respond.” A cursor appeared on the screen and participants typed their response with a timeout of 10
seconds, after which point the task continued automatically to the next trial. There was a 750 ms inter-trial
interval, and a participant-controlled break halfway through the task. The suitability of the trial structure
was confirmed via pilot testing. Finally, participants completed a post-task questionnaire. The post-task
questionnaire included one attention check item, in addition to the two questions presented in Table 3.
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Table 3: Post-task questionnaire items. The associated variable names are presented in italics.

Item Response Options

To the best of your ability, please describe the di- [text response]
alects/accents of the speakers you just listened to,

for example, by country, region, language back-

ground — postTlalkerLang

How familiar are you with the accent of the Not at all familiar — Very familiar (0-10 scale)
speaker you just listened to? — postAccentFam

D. ANALYSIS AND RESULTS

All analyses were conducted in R (R Core Team, 2025) version 4.5.2. The categorical variable firstLang
was coded using participants’ responses to the pre-task questions concerning English and Mandarin. Par-
ticipants were assigned to the following first language groups: English, Mandarin, Other. As noted above,
participants who indicated both Mandarin and English as first languages were excluded from the analysis
because they numbered only six, which was too few to be included as a separate first language group. The
scalar variables mandAccentFam, goodAtAccents, and interactAccents are derived from the raw Likert scale
response to the associated questions.

Responses to the four language and accent beliefs statements were analyzed using the psych pack-
age (Revelle, 2025). Responses were submitted to parallel analysis, indicating a two-factor solution. An
exploratory factory analysis revealed that the statements relating to the accent goals of language learners
(statements a and b) loaded strongly on one factor (A=0.692 and 0.864, respectively), while the two state-
ments relating to difficulty understanding accents (c and d) loaded strongly on a second factor (A = 0.926
and 0.817, respectively). The two factors were weakly correlated (r = .17) and accounted for 69% of the
total variance. Given this structure, we computed two separate composite scores (beliefsAccentGoals and
beliefsAccentDifficult) by averaging responses to the two items within each factor.

Sentence transcription accuracy was computed using the autoscore package (Barrett et al., 2019)
with the default settings. Proportion correct was computed for each sentence by dividing the number of
correctly-transcribed words by the number of words in the target sentence. The categorical variable postTalk-
erLang was coded from open-ended text responses to the question asking participants to “describe the di-
alects/accents of the speakers you just listened to”. Responses were assigned the value 1 if they contained
the words “Chinese”, “Mandarin”, “China”, “Hong Kong”, and/or “Taiwan”, and otherwise 0. The scalar
variable postAccentFam was derived from the raw Likert scale response to the associated questionnaire item.

Figure 1 shows transcription accuracy by talkerID and numTalkers. In the single talker condition, the
same talker is associated with all 60 trials. In the multi-talker condition, each talker is associated with 20 of
the trials out of the full set of 60. Visual inspection of the figure indicates highly variable performance by
individual participants, in addition to variation in accuracy among the three talkers.

To address our research questions, we fit several linear mixed-effects models (1me 4; Bates et al., 2015),
using maximum likelihood and the bobyqga optimizer. We first employed a model comparison approach to
determine the growth model that best fit the shape of transcription accuracy change over time, following the
recommendations in Nagle (2019). We created and scaled linear, quadratic, and cubic trial order variables,
and then built separate unconditional linear, quadratic, and cubic models of log proportion correct over
trial, including random intercepts for participant and target sentence. Model comparison using sequential
likelihood ratio tests among these models as well as the null model revealed that the cubic model provided
the best fit. We next created the full model from the cubic model, adding all variables as individual fixed
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Figure 1: Smoothed (loess) trajectories of transcription accuracy (Proportion Correct) over time (Trial Number)
Jor each participant (thin lines) and first language group (thick lines); colors indicate the first language of the
transcriber (firstLang). Facets indicate talker condition (columns: talkerID; rows: numTalkers).

effects, in addition to the two-way interaction of numTalkers and talkerID. The model formula and Type III
ANOVA analysis of the model results are provided in Table 4.

The significant quadratic and cubic order effects confirm that overall and as expected, participants
adapted to the Mandarin-accented speech over the course of the transcription task. Concerning our first
research question, we find a significant main effect of the first language of the transcriber. Follow-up pair-
wise comparisons using the emmeans package (Lenth & Piaskowski, 2025) revealed that the English group
was significantly more accurate than both the Mandarin group (estimate=0.05, SE=.019, z=2.345, p=0.050)
and the Other group (estimate=0.086 SE=0.014, z=6.350, p<0.0001), but that Mandarin and Other groups
did not significantly differ in transcription accuracy (estimate=0.04, SE=0.021, z=1.897, p=0.140).

Our second research question asked whether transcribers’ self-assessed pre-task familiarity with Mandarin-
accented English would predict higher transcription accuracy. The effect of mandAccentFam, which was
assessed in the pre-task questionnaire, was marginally significant. We therefore conducted a simulation-
based power analysis for this fixed effect with the simr package (Green & MacLeod, 2016). We extended
the dataset to simulate up to 350 participants, and used the powerCurve command to estimate power over
sample size. Estimated power reached only 60.0% at 350 participants, indicating a very small effect size.

Our final research question concerned whether transcription accuracy was higher when sentences were
presented in single- versus mixed-talker conditions (see Table 5). To follow up on the significant interaction
of numTalkers and talkerID, we created three new mixed-effects models with the same structure as the final
model (removing the fixed factor falkerID and the numTalkers*talkerID interaction). For talkers M35 and
M39, the effect of numTalkers was not significant (F(1,126.1)=0.094, p=0.760 and F(1,126)=1.053, p=0.307,
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Table 4: Type III ANOVA table for final model.

Sum Sq Mean Sq NumDF DenDF  Fvalue P value

order 0.011 0.011 1 14987.936 0.332  0.565
orderQuadratic 2.424 2.424 1 14988.510  70.750 0.000%%**
orderCubic 1.118 1.118 1 14988.307  32.633 0.000%%**
mandAccentFam 0.119 0.119 1 254.409 3.482 0.063
numTalkers 0.097 0.097 1 254.409 2.821 0.094
talkerID 10.320 5.160 2 376.264 150.606 0.000%***
firstLang 1.419 0.709 2 254.409  20.703 0.000%***
goodAtAccents 0.016 0.016 1 254.409 0.460 0.498
interactAccents 0.007 0.007 1 254.409 0.203 0.652
beliefsAccentDifficult 0.092 0.092 1 254.409 2.689 0.102
beliefsAccentGoals 0.246 0.246 1 254.409 7.188 0.008%**
postTalkerLang 0.999 0.999 1 254.409  29.150 0.000%**
postAccentFam 0.036 0.036 1 254.409 1.047 0.307
numTalkers:talkerID 0.408 0.204 2 376.264 5.956 0.003**

*p< 0.05, ¥*p< 0.01, ***p< 0.001. final .model=1mer (logPropCorr (1|participant) +
(l|target) torder+orderQuadratic+orderCubic+mandAccentFam+numTalkersx*
talkerID+firstLangtgoodAtAccents+interactAccents+beliefsDifficult+
beliefsGoals+postTalkerLang+postAccentFam, data=scored.sum, REML=F,
lmerControl (optimizer="bobyga"))

respectively). However, for talker M43, the effect of numTalkers was significant (F(1,131.6)=13.058, p<0.001),
with higher accuracy in the single talker condition than in the multi-talker condition.

For the purpose of exploratory analyses, we also assessed variables that are not directly associated
with the primary research questions, but which might be useful in predicting an individual’s transcription
accuracy. Neither participants’ self-assessment of how good they are at understanding accents that differ
from their own (goodAtAccents) nor their self-assessed frequency of interaction with people whose accents
differ from their own (interactAccents) were significant predictors of transcription accuracy. As described
above, we computed two beleifs factors. While participants’ responses to statements regarding the difficulty
they experience with so-called “non-native” and “non-standard” accents (beliefsAccentDifficult) was not a
significant predictor, their beliefs about goals for language learners (beliefsAccentGoals) did significantly
predict log transcription accuracy. Lower levels of agreement with the statements that learners should have
pronouncing like a native or standard speaker as a goal were associated with more accurate log transcription
accuracy (r(253)=-0.257, p<0.001).

In addition to the pre-task self-assessment of familiarity with Mandarin-accented English speech, we
collected two related post-task measures. While postAccentFam, where participants were asked to indicate
their degree of familiarity with the accent they had just heard, was not significant, we did find a signif-
icant effect of postTalkerLang, where participants were asked to describe the accent they had just heard.
Participants who were able to identify the accent as “Chinese” or “Mandarin”, or who named a country in
which Mandarin is widely spoken, exhibited significantly higher transcription accuracy (mean proportion
correct=0.644) than those who did not (mean proportion correct=0.533).
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Table 5: Mean proportion correct by number of talkers and talker ID, averaged across all other factors.

numTalkers  talkerID mean propCorr

Single Talker M35 0.609
Multi-Talker M35 0.632

Single Talker M39 0.428
Multi-Talker M39 0.438

Single Talker M43 0.671
Multi-Talker M43 0.622

3. DISCUSSION

This experiment was designed to address three research questions concerning the roles of the listener and
task factors in determining transcription accuracy. Our first question was: Is transcription accuracy higher
when talkers and listeners have similar first language backgrounds? To address this question, we asked
participants to identify their first language(s). Participants who responded English (but not also Mandarin)
were assigned to the English firstLang group, those who responded Mandarin (but not also English) were
assigned to the Mandarin group, those who responded with a language other than English or Mandarin were
assigned to the Other group, and those who identified both English and Mandarin as first languages were
excluded from the analysis (due to a small number). With linguistic background operationalized in this
way, and with these speech materials and participants, we observed no advantage associated with shared
first language background on transcription accuracy (indeed, the English first-language group was more
accurate than both the Mandarin and Other groups). This may not be surprising given that evidence for
such a benefit has been mixed. Importantly, individual talker and listener variation on various dimensions,
including language proficiency and the acoustic-phonetic properties of the speech samples, have been found
to modulate the degree — or even existence — of the benefit (Munro et al., 2006; Hayes-Harb et al.,
2008; Xie & Fowler, 2013). Indeed, visual inspection of our data (see Table 5 and Fig. 1) suggests that
transcription accuracy varies a great deal by talker and by listener. The results of our experiment thus
reinforce the complexity of the relationship between listener and talker language backgrounds in determining
transcription accuracy. Moreover, as noted above, our goal in this study was to use the type of assessment
of the broad similarities between the self-reported language backgrounds of speakers and listeners that are
available from crowdsourced platforms. Future research will need to examine whether alternative means
of assessing the language background and experience of speakers and transcribers are associated with an
intelligibility benefit in a crowdsourced transcription task.

Our second research question was: Is transcription accuracy higher when listeners self-identify as famil-
iar with the talker’s accent? We operationalized familiarity with the talker’s accent via participants’ pre-task
self-assessment of their familiarity with Mandarin-accented English (0-10 Likert scale). We found no effect
of this pre-task self-assessment, nor of a post-task self-assessment where participants were asked to rate
their familiarity with the accent of the speaker they had just listened to. We thus found no evidence that
participants were able to assess their own experience with Mandarin-accented English speech in ways that
predicted their transcription accuracy. Given the potential value in having transcribers self-identify as skilled
with respect to particular accents, future research should continue to investigate ways of assessing language
experience that may be predictive of transcription skill.

Finally, we asked: Is transcription accuracy higher when audio recordings are presented in single- versus
multi-talker blocks? Participants were assigned to one of three single-talker conditions where they heard the
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same talker produce all 60 sentences, or to a multi-talker condition where they heard each of the three talkers
produce 20 of the sentences. The number of talkers exhibited an interaction with talker ID. Specifically, we
found that while talkers M35 and M39 did not show an effect of the number of talkers, transcription of
talker M43’s speech was more accurate in the single- than in the multi-talker condition. As such, our data
are partially consistent with past reports that transcription accuracy is greater in single- vs. multi-talker
conditions (Mullennix et al., 1989; Tamati & Pisoni, 2014). It is worth noting that the effect of single-
vs. multi-talker conditions is observed only for the most intelligible of the three talkers (M43). Indeed,
descriptively, the data pattern in the opposite direction for the other two talkers (M35, M39), with higher
proportion correct scores for the multi-talker conditions than for the single-talker conditions. That the effect
of the single- vs. multi-talker manipulation was dependent on the talker suggests that simply blocking speech
materials by talker may not enhance crowdsourced transcription accuracy for all talkers. Future work will
be needed to more closely examine this interaction of talker and number of talkers.

We asked participants several additional questions to allow for exploratory analyses of listener factors
that may influence their transcription accuracy. It is worth noting that as with the lack of significant effects
of participants’ self-assessments of familiarity with Mandarin-accented English, there were no effects of
participants’ self-assessments of how good they are at understanding other accents or their frequency of in-
teraction with people whose accents differ from their own. Indeed, the language and accent beliefs measures
that ask participants to rate their level of difficulty with “non-native” and “non-standard” accents similarly
did not significantly predict transcription accuracy. Our data provide no evidence that the type of pre-task
assessments of listener factors of the sort we have incorporated here are predictive of transcription accuracy.

On the other hand, we did find a significant effect of whether participants believe that speaking with a
“native-like” or “standard” accent should be a goal of the language learner, with those who believe that learn-
ers should try to achieve “native-like” or “standard” accents showing less accurate transcription accuracy.
This finding is consistent with previous research showing that listeners who self-report more positive atti-
tudes towards language learners and learner accents were more accurate when transcribing learner-accented
speech (Ingvalson et al., 2017). Given this finding, a pre-task assessment of transcriber beliefs may provide
a means of determining who is likely to transcribe speech samples accurately. However, additional research
is required to clarify the contribution of listener’s beliefs to transcription accuracy with a focus on which
beliefs are most predictive of accurate transcription.

We found that participants whose metalinguistic knowledge led them to identify the accent of the
talker(s) as “Mandarin” or “Chinese”, or as originating from a country where Mandarin is a dominant lan-
guage, exhibited significantly higher transcription accuracy than those who did not. Vaughn (2019) reports
a related finding: participants who were told that a speaker’s first language is Spanish led to higher tran-
scription accuracy for Spanish-accented English speech relative to participants who were not. These results
suggest that knowing the language background of a speaker (whether by inference or through information
provided by others) may activate accent-specific expectations that improve transcription accuracy. In crowd-
sourced transcription, it is possible that posing such post-task questions to a transcriber could help direct
their assignment to future transcription tasks to increase overall accuracy (Hettiachchi, 2022). Alternatively,
identifying the language background of speakers to transcribers in advance may improve transcription ac-
curacy. Such possibilities require research to determine their efficacy in enhancing the accuracy of crowd-
sourced transcription.

Importantly, we found that the transcribers did improve in their transcription performance over the course
of the experiment; however, this improvement was not linear, and a cubic growth model best captured partici-
pants’ performance. Thus, these untrained, paid participants showed the adaptation that is well-documented
in the literature (Clarke & Garrett, 2004; Bradlow & Bent, 2008). While the experiment reported here
focused on selected listener and task factors, there are additional motivation-related factors affecting adapta-
tion that may also be worth pursuing. For example, Afghani et al. (2023) demonstrated that accuracy-based
incentive pay increased transcription accuracy for an unfamiliar accent. Other studies have explored the im-
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pact of telling listeners that their transcription accuracy will improve over time, with mixed results (Vaughn,
2019; Hayes-Harb et al., submitted). Research is needed to better understand the role of motivation-related
effects on crowdsourced transcription accuracy.

We will close with a discussion of some essential considerations in this work. First, we used the terms
“native” and “standard” in relation to accents in the questionnaires for the purpose of probing participants’
language and accent ideologies. However, these terms are both scientifically inadequate and harmful to
language users and communities (Cheng et al., 2021; Namboodiripad et al., 2026). Here we opted to group
our participants according to their self-identified “first language” backgrounds; however, the complexity of
human linguistic experience cannot be readily reduced to such simple descriptors. This is an especially
important issue in the context of attempting to identify and elicit information that may enhance transcription
accuracy in crowdsourced platforms. A second issue is that of consent and compensation in the develop-
ment of datasets. Should an individual speaker be able to consent (whether knowingly or not) on behalf of a
minoritized language community, given that their speech may be used to build, for example, accent recogni-
tion technology that can harm the community? Given variation among communities in their language values
and practices, is it correct to assume that all communities want this technology? How do we ensure that
communities benefit from technology built on their language and speech? A final consideration is the term
“ground truth” itself. For ASR service providers, developers use the “ground truth” to describe a transcrip-
tion, but the truth of what was said is neither uncontested nor known by the listener alone. As Al auditing
pioneer Dr. Joy Buolamwini says, “those with the power to build Al systems do not have a monopoly on
truth” (2023). It is critical that we interrogate what we mean by “ground truth” and who is able to participate
in its construction. The answers to the questions posed above (and many others) must shape careful ASR
research and system development. Ultimately, the overarching objective of our work is to explore ways of
mitigating the biases that permeate ASR while continuing to problematize ASR systems for the risks they
pose to talkers, transcribers, users of the technology, and their communities.
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