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This study assesses the accuracy of five cutting-edge ASR systems in the recognition of non-
native accented English read speech from six different L1 backgrounds. Speech samples were
taken from the L2-ARCTIC non-native English speech corpus, containing recordings of 24
speakers from Arabic, Chinese, Hindi, Korean, Spanish, and Vietnamese L1s. Four US English
speakerswere included as a control. Five ASR systems were tested: AssemblyAl’s Universal-2,
Deepgram’s Nova-2, RevAl's V2, Speechmatics’ Ursa-2, and Whisper large-v3 by OpenAl. ASR
accuracy was measured using the Match Error Rate (MER) metric. Overall, the study found
much lower error rates for all five selected ASR systems than systems used in previous stud-
ies. Results showed that Whisper and AssemblyAl performed significantly better than other
models, with no significant difference between them. Hindi speakers showed lower error
rates while Chinese and Vietnamese showed consistently higher error rates across all systems.
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Introduction

Automatic speech recognition (ASR), or the automated conversion of spoken lan-
guage into text, has been considered an essential component of computer assisted
language learning (CALL) and computer assisted language testing (CALT) for many
years (Ehsani & Knodt, 1998). It has been widely adopted for both assessment and stu-
dent practice, particularly for developing pronunciation and oral proficiency skills.
ASR has developed rapidly, achieving unprecedented accuracy in recent years. This
study assesses five cutting-edge ASR systems’ accuracy in the recognition of non-
native accented English read speech from six different L1 backgrounds to help lan-
guage instructors and researchers understand the current state of ASR and which
system might be appropriate for their use case.
The early development of ASR was language-specific, but in the 90s there was 1
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discussion about creating multilingual ASR systems (Byrne et al., 2000). However,
ASR training data comes overwhelmingly from native speakers of each language, not
from non-native accented speakers. Accented speech has been an important issue
in ASR for many years (Neri et al., 2003) because, as numerous studies have shown,
ASR transcriptions of accented speech show higher error rates than non-accented
speech (Graham & Roll, 2024; Hirai & Kovalyova, 2024; Koenecke et al., 2020). This is
likely due to the sourcing of accurate supervised training data, which is much more
difficult and expensive for accented speech (Hinsvark et al., 2021).

To see where the technology currently stands, this study assesses the transcrip-
tion accuracy of five cutting-edge, publicly available ASR systems on read L2 English
learner speech from different L1 backgrounds with the following research question:

How do the selected automatic speech recognition systems compare in accuracy
when transcribing L2 English read speech, and how do the accuracy rates vary by
L1 background?

Methods

The speech samples used in this study were taken from the L2-ARCTIC non-native
English speech corpus (Zhao et al., 2018), which contains laboratory recordings
and transcriptions of 24 speakers from six L1 backgrounds-Arabic, Chinese, Hindji,
Korean, Spanish, and Vietnamese-with two male and two female speakers each.

Each speaker (n = 24) read sentences from CMU’s ARCTIC prompts (Kominek
& Black, 2004) - sentences extracted from Project Gutenberg books. To represent
more prototypical learner speech, the full list of sentences was filtered to remove
any sentences that contain words that do not appear in the New General Service List
(NGSL) (Browne, 2014). From this filtered list, 100 sentences were randomly selected,
yielding 2,400 recordings ranging from 0.8 to 7.9 seconds. Recordings of the same
sentences by four native speakers of American English taken from the CMU ARCTIC
database (Kominek & Black, 2004) were used as a control for L1 analysis.

Five of the newest ASR systems at the time of writing were chosen for this study:
AssemblyAI’s Universal-2, Deepgram’s Nova-2, RevAI's V2, Speechmatics’ Ursa-2, and
Whisper large-v3 by OpenAl. Only Whisper is open source; the other four systems
are commercial. All systems were accessed through APIs using Python to ensure
consistent testing conditions.

ASR accuracy was measured using the Match Error Rate (MER) metric following
Morris et al. (2004), which accounts for substitutions, deletions, and insertions. MER
was calculated using the jiwer Python package (Vaessen, 2018) by comparing the ASR
transcription to the original human transcription of each speech sample.

Results

The mean MER across all 2400 non-native English speech samples for each ASR
was calculated to establish overall accuracy, seen in Table 1 and Figure 1. Most tran-
scriptions had a MER of zero (perfect accuracy), but those with errors had a wide
range. Because of this skew, a Friedman test was conducted with the R programming
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language (R Core Team, 2024) in RStudio (RStudio Team, 2024) to compare the effect
of ASR system on MER, finding a statistically significant difference with a small effect
size (x*= 471.93, df = 4, p < .001, Kendall's W = 0.039). Post-hoc comparisons using
Nemenyi’s test indicated significant differences between ASR systems, and effect
sizes (r) between systems were calculated based on mean rank differences, also seen
in Table 1. Whisper and AssemblyAI performed significantly better than other mod-
els, with no significant difference between them. RevAl showed the highest error rate,
performing significantly worse than both Whisper and AssemblyAl. Deepgram and
Speechmatics showed intermediate performance levels with no significant differ-
ence between them. While the differences between models were statistically signifi-
cant, the effect sizes based on mean rank differences were generally small, indicating
limited practical significance. However, Whisper and Assembly AI demonstrated the
best accuracy, and these two systems should be considered by CALL practitioners
when dealing with non-native English read speech.

Table 1. ASR system performance comparison and mean rank effect size r

Mean MER
ASR ssystem (SD) AssemblyAl Deepgram RevAl Speechmatics Whisper
AssemblyAl 0.056 (0.112) — 0.137* 0.182* 0.118* 0.018
Deepgram 0.080 (0.138) 0.137* = 0.045 0.019 0.155*
RevAl 0.086 (0.136) 0.182* 0.045 — 0.064* 0.200*
Speechmatics 0.074 (0.132) 0.118* 0.019 0.064* — 0.136*
Whisper 0.054 (0.117) 0.018 0.155* 0.200* 0.136* —

Note. * Nemenyi’s test p <0.05.

Figure 1. Mean MER by ASR system with standard error

Mean MER was calculated for each L1 background to examine potential differences
in ASR performance across speaker background. Figure 2 shows the mean MER by

JALTCALL

Trendi

Vol.2 No. 1

2025 JALTCALL
Conference Papers
Special Issue

Aoeandoe waisAs Ysy Suedwo) :@angdY

w



L1 background for each ASR system, also listed in Table 2. The pattern of relative per-
formance among ASR systems remained consistent across L1 groups, with Whisper
and AssemblyAl showing generally lower error rates than other systems. However,
magnitude varied substantially across L1 groups, with US English speakers showing
the lowest error rates (M = 0.007, SD = 0.036) and Vietnamese speakers showing con-
sistently higher error rates (M =0.143, SD = 0.186) across all systems. These variations
in accuracy across L1s are presumably due to the lack of similarly accented training
data used for the ASR systems.

Table 2. Mean MER and SD by L1 and ASR system

AssemblyAl Deepgram Speechmatics
L1 (SD) (SD) RevAl (SD) (SD) Whisper (SD)
Arabic 0.051(0.104)  0.076 (0.131) 0.082(0.129) 0.064 (0.114)  0.047 (0.113)
Chinese 0.054 (0.096)  0.086(0.132)  0.083(0.120) 0.078 (0.125)  0.053 (0.099)
Hindi 0.02 (0.066) 0.034(0.085)  0.039(0.082) 0.031(0.071)  0.021(0.063)
Korean 0.042 (0.088)  0.058 (0.107)  0.061(0.111) 0.058 (0.112)  0.033 (0.077)
Spanish 0.046 (0.094)  0.066 (0.120)  0.085(0.132)  0.068 (0.122)  0.046 (0.098)
USEnglish  0.007(0.034)  0.008 (0.041)  0.007 (0.035)  0.006 (0.031)  0.007 (0.040)
Vietnamese  0.121(0.171)  0.161(0.194) 0.165(0.187) 0.143(0.191) 0.124 (0.183)

Figure 2. Mean MER by L1 and ASR system

Discussion

This study aimed to compare the accuracy of five cutting-edge ASR systems across
different L1 backgrounds. The results found lower error rates for all five selected ASR
systems than the systems used in previous studies. While no peer-reviewed studies
have assessed the performance of AssemblyAl, Deepgram, RevAl, or Speechmatics
on non-native speech, a few studies have examined Whisper. Notably, Graham
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and Roll (2024) tested Whisper-large-v3 on English read speech from 14 different
L1 backgrounds and found a mean MER of 0.157, much higher than the present
study, likely due to differences in the data sets. Their study used recordings from
the Speech Accent Archive (Weinberger, 2015) and likely calculated MER against
the original paragraph rather than the actual transcriptions, which contained many
errors. Recent studies of other commercial ASR systems also found lower accuracy
levels for non-native English. McCrocklin et al. (2019) reported an accuracy rate of
74.44% for Windows Speech Recognition on read speech, and 88.61% for Google Voice
Typing. Hirai and Kovalyova (2024) found accuracy rates between 48.91% and 67.04%
across five different ASR systems with non-native speakers.

The present study shows that the five cutting-edge systems perform better on non-
native English than those used in previous studies, with Whisper and AssemblyAI
performing exceptionally well, with accuracy comparable to human transcription.
Accuracy varied by L1 background, with Hindi speakers showing lower error rates
and Chinese and Vietnamese showing higher rates. L1 background had a substantial
impact (F(6, 14) = 8.71, p < .001, ges = 0.778), suggesting the need to adjust error thresh-
olds for specific L1 backgrounds. Even so, these ASR tools are powerful enough for
language teachers to use for a variety of purposes.

It is hoped that more ASR researchers and developers turn their attention to
non-native learner speech. The most critical element for improvement is training
data. Creating high quality training data is expensive, which explains why many of
the best systems are commercial. However, creating and openly sharing non-native
speech data with high quality transcriptions can greatly benefit both ASR training
and testing.

References

Anthropic. (2024). Claude (Versions 3-5-sonnet-20241022) [Computer software].
Anthropic. https://claude.ai

Browne, C. (2014). The new general service List version 1.01: Getting better all the
time. Korea TESOL Journal, 11(1), 35-50.

Byrne, W., Beyerlein, P., Huerta, J. M., Khudanpuy, S., Marthi, B., Morgan, ]J.,
Peterek, N., Picone, J., Vergyri, D., & Wang, T. (2000). Towards language
independent acoustic modeling. 2000 IEEE International Conference on Acoustics,
Speech, and Signal Processing. Proceedings.
https://doi.org/10.1109/ICASSP.2000.859138

Ehsani, F., & Knodst, E. (1998). Speech technology in computer-aided language.
Language Learning & Technology, 2(1), 54-73.

Graham, C., & Roll, N. (2024). Evaluating OpenAI's Whisper ASR: Performance
analysis across diverse accents and speaker traits. JASA Express Letters, 4(2),
025206. https://doi.org/10.1121/10.0024876

Hinsvark, A., Delworth, N., Rio, M. D., McNamara, Q., Dong, J., Westerman, R.,
Huang, M., Palakapilly, J., Drexler, J., Pirkin, I., Bhandari, N., & Jette, M. (2021).
Accented speech recognition: A survey (No. arXiv:2104.10747). arXiv.
https://doi.org/10.48550/arXiv.2104.10747

JALTCALL

Trendi

Vol.2 No. 1

2025 JALTCALL
Conference Papers
Special Issue

Aoeandoe waisAs Ysy Suedwo) :@angdY

(6,



Hirai, A., & Kovalyova, A. (2024). Speech-to-text applications’ accuracy in English
language learners’ speech transcription. Language Learning & Technology, 28(1),
1-22.

Koenecke, A., Nam, A., Lake, E., Nudell, J., Quartey, M., Mengesha, Z., Toups, C.,
Rickford, J. R., Jurafsky, D., & Goel, S. (2020). Racial disparities in automated
speech recognition. Proceedings of the National Academy of Sciences, 117(14),
7684-7689. https://doi.org/10.1073/pnas.1915768117

Kominek, J., & Black, A. W. (2004). The CMU ARCTIC speech databases. Fifth ISCA
Workshop on Speech Synthesis, 223-224.
https://www.isca-archive.org/ssw_2004/komineko4b_ssw.pdf

McCrocklin, S., Humaidan, A., & Edalatishams, I. (2019). ASR dictation program
accuracy: Have current programs improved? In J. Levis, C. Nagle, & E. Todey
(Eds.), Proceedings of the 10th Pronunciation in Second Language Learning and
Teaching Conference (pp. 191-200).

Morris, A. C., Maier, V., & Green, P. (2004). From WER and RIL to MER and WIL:
Improved evaluation measures for connected speech recognition. Interspeech
2004, 2765-2768. https://doi.org/10.21437/Interspeech.2004-668

Neri, A., Cucchiarini, C., & Strik, W. (2003). Automatic speech recognition for
second language learning: How and why it actually works. 15th International
Congress of Phonetic Sciences, 1157-1160.
http://www.internationalphoneticassociation.org/icphs/icphs2003

R Core Team. (2024). R: A language and environment for statistical computing
(Version 4.4.1 (2024-06-14)) [Computer software]. R Foundation for Statistical
Computing. https://www.R-project.org/

RStudio Team. (2024). RStudio: Integrated development environment for R (Version
2024.04.2 Build 764) [Computer software]. Posit Software, PBC.
https://posit.co/products/open-source/rstudio/

Vaessen, N. (2018). Jiwer (Version 3.1.0) [Computer software].
https://github.com/jitsi/jiwer

Weinberger, S. (2015). Speech accent archive [Dataset]. http://accent.gmu.edu

Zhao, G., Sonsaat, S., Silpachai, A., Lucic, I., Chukharev-Hudilainen, E., Levis, J.,
& Gutierrez-Osuna, R. (2018). L2-ARCTIC: A non-native English speech corpus.
Interspeech 2018, 2783-2787. https://doi.org/10.21437/Interspeech.2018-1110

Author biodata

Michael McGuire is an associate professor of second language acquisition in the
Department of English at Doshisha University. His research interests are oral pro-
ficiency assessment, listening assessment, spoken fluency, and computational
linguistics..

JALTCALL

Trendi

Vol.2 No. 1

2025 JALTCALL
Conference Papers
Special Issue

Aoeandoe waisAs Ysy Suedwo) :@angdY



	2141_Mision
	2140_Dunn
	102426_Hofmeyr
	2143_Ijiri
	2148_Kelsen
	JALTCALL Trends 2024 special issue editorial team
	Messages from JALTCALL 2024 conference grant awardees
	Editor’s preface

	AI for speaking and listening
	GPT-based simulation of oral Q&A to support students attending first conference
	Mayuko Aiba, Daisuke Saito & Nobuaki Minematsu
	Exploring the efficacy of ChatGPT’s audio features in language learning
	Steven G. B. MacWhinnie
	Learner interactions with Jouzu, the mobile application with conversational characters
	Zackary Rackauckas
	AI as a writing feedback companion: Student beliefs
	Ashton E. Dawes & Mariia Melnikova
	Utilizing artificial intelligence for creating an extensive reading library: A case study with ChatGPT
	Miguel Mision
	Language learning with Replika: Fostering grammar correction and conversational confidence
	Ariko Nishimura
	Exploring the frontiers of hybrid authorship in the development of AI-assisted L2 crime stories
	Paul Sevigny & Amreen Kaur Sawhney
	What AI does: A pragmatic analysis of a writing assignment
	Tosh Tachino
	Learner autonomy, self-efficacy, and critical thinking
	Critical thinking in the digital age: CT through LMS-based classes
	James D. Dunn
	Generating discussion: Using ChatGPT to foster critical thinking skills
	Kathryn Jurns
	Teachers should let learners examine the output of AI translation
	Toshiko Oda
	Motivation, attitudes and perceptions
	A longitudinal look at Japanese students’ experience with technology
	Edo Forsythe
	Student perspectives on AI use in language learning
	Michael Hofmeyr
	Exploring AI integration in Japanese EFL classrooms: Insights and challenges
	Amelia Ijiri & Sandra Healy
	Japanese English learners’ perceptions of ChatGPT for learning purposes: 
A preliminary study on use and guidance
	Yurika Ito
	Using machine translators for assessments of EAP courses – perspectives of students and teachers
	Linda Lin & Pei Hong Lin
	Technological literacy and language learning: Undergraduate attitudes
	Matte et al. Barrie Matte, Aeric Wong, Hiroyo Nakagawa, Kaori Hakone, Philip Head, Tamara Swenson & Aaron C. Sponseller
	Students’ responses towards the use of screen recording technology in the teacher’s feedback for students’ EMI writing assignments at a university in Vietnam
	Trang Thi Thuy Nguyen
	Development and evaluation of a course integrating machine translation and generative AI in higher education English learning
	Michiyo Oda & Ryo Saito
	Teacher professional development
	Beyond basics: A ten-lesson in-depth unit on generative AI for language students
	Euan Bonner, Ryan Lege & Erin Frazier
	An introduction to corpus technology in the age of AI
	Sadie Nitta
	The successful use of AI for English teachers’ professional development
	Lailatul Nurjanah, Bambang Yudi Cahyono & Nunung Suryati
	Addressing machine translation and AI tool use in the English language learning classroom
	Troy Rubesch & Kym Jolley
	A linguistic depiction of a picture description task using register analysis
	Trevor Sitler
	Why aren’t students using my learner management system?
	Iain Stanley
	A technical background on artificial intelligence and intelligent language models
	Robert Swier
	Utilizing an AI-CEFR checker: What is the efficacy for utilizing CEFR results for first year university students?
	Simon D.C. Townsend & Andrew C. Tappenden
	Digital games in the language classroom: Designing better curricula through exploratory factor analysis
	Kevin Reay Wrobetz
	Virtual exchange and intercultural competence
	Enhancing cross-cultural exchange with AI: ChatGPT’s role in an international online student conference
	Brent A. Jones
	Creating opportunities for cross-border interaction: Insights from a synchronous Japan–Taiwan virtual exchange
	Brent Kelsen, Brian J. Birdsell & Barry Kavanagh
	_Hlk221362592
	_Hlk226136021
	_Hlk226136021
	_Hlk226136021
	_Hlk229242737
	_Hlk229241335
	_Hlk229241356
	_Hlk229241383
	_Hlk228019451
	_Hlk229238210
	_Hlk226136021
	_Hlk228019451
	_GoBack
	_Hlk226136021
	_Hlk228019451
	_GoBack
	_Hlk226136021
	_Hlk229248103
	_Hlk226136021
	_Hlk229306502
	_Hlk229306478
	_Hlk226136021
	_Hlk229817556
	_Hlk228019451
	_GoBack
	_Hlk226136021
	_Hlk228019451
	_Hlk226136021
	_Hlk229244859
	_Hlk226136021
	_Hlk228019451
	_Hlk226136021
	_Hlk228019451
	_GoBack
	_Hlk226136021
	_Hlk228019451
	_GoBack
	_Hlk226136021
	_Hlk228019451
	_GoBack
	_Hlk226136021
	_Hlk231300196
	_Hlk226136021
	_Hlk231300196

