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This study examines the performance of a smartphone-based automatic speech recognition
(ASR) system when processing diverse English accents. With the increasing reliance on voice-
activated artificial intelligence in daily tasks, ensuring equitable ASR performance across lin-
guistic varieties is critical. Using audio data from the CIRCE project corpus, we assess recogni-
tion accuracy for eleven English accents selected according to Kachru’s three-circle model (In-
ner, Outer, and Expanding Circle varieties). Findings highlight disparities in recognition per-
formance and suggest that ASR models exhibit a bias favoring American English (AmE). The
study underscores the need for enhanced ASR inclusivity and diversification of training data.
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1. Introduction

Accents are socially charged and ideologically filtered. Far from being neutral objects, they 
build social personae also in the digital and technological domain, where voice plays a rel-e
evant role. Accent is a fundamental dimension of linguistic variation, typically influenced 
by a speaker’s geographical, social, or linguistic background. It involves phonetic and pho-
nological variations such as vowel quality, consonant articulation, intonation, and rhythm, 
without necessarily affecting grammar or vocabulary (Ladefoged, Johnson 2015; Trudgill 
2000; Lippi-Green 2012). Whether arising from second-language acquisition or from re-
gional variation within a native language, accents serve as salient markers of identity, social 
background, and linguistic experience. In the context of second language (L2) speakers, 
the degree of foreign accent has often been linked to age of acquisition, quantity and qual-

1 This study was supported by the project CIRCE (Counteracting Accent Discrimination Practices in Educa-
tion, 2022-1-IT02-KA220-SCH-000087602), a three-year project funded by Erasmus+. The funding sources 
had no role in study design, data collection/analysis/interpretation, writing, and decision to submit. The three 
authors jointly developed the research and the design of the studies and collaboratively edited the entire paper. 
For academic purposes, the authors’ responsibilities are the following. First author: conceptualization, meth-
odology, investigation, writing, formal analysis, visualization; second author: data collection, conceptualiza-
tion, investigation; third author: supervision, project coordination and administration, funding acquisition.
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ity of input, and, in some cases, personal traits and attitudes toward the target language 
and its associated culture (Flege 1995; Piske et al. 2001). The issue is particularly relevant 
in the case of a global language such as English: in today’s world, where multilingualism 
is the norm rather than the exception, people who speak English as a second or foreign 
language far outnumber those who speak it as their first language. Decolonial perspectives 
and multilingual pedagogies further underscore the importance of affirming the legitima-
cy of Englishes different from British and American and of shifting attention toward more 
peripheral varieties.

Kachru’s foundational sociolinguistic framework, commonly known as the “Three 
Circles model” (1985), classifies global Englishes based on their historical trajectories, 
sociopolitical functions, and cultural status. Although critiqued for reinforcing hierar-
chies and failing to capture the dynamic nature of global English (Galloway, Rose 2015), 
Kachru’s concentric model still remains influential in World English studies. The model 
differentiates between three varieties: Inner Circle varieties, where English is spoken as a 
first language (e.g., the United States, the United Kingdom); Outer Circle varieties, where 
English plays a second-language role in multilingual societies (e.g., India, Nigeria); and 
Expanding Circle varieties, where English is primarily used as a foreign language and lacks 
official institutional status (e.g., China, Italy, Turkey)2. Among first language (L1) English 
speakers, regional and ethnolectal variation plays a crucial role in shaping pronunciation 
and perceived speaker identity. Studies have shown that varieties such as African American 
English (AAE), Multicultural London English (MLE), and Southern American English 
(SAE) can be subject to social evaluation, being usually judged as less prestigious forms 
(Lippi-Green 2012). These social evaluations are usually mirrored in technological bias 
(Holliday, Villareal 2020; Lawrence 2021; Hofmann et al. 2024) as these accents, though 
phonologically systematic and locally accepted, often diverge from the standardized norms 
encoded in speech technologies, leading to disparities in recognition accuracy and user 
experience (Koenecke et al. 2020; Choe et al. 2022). Thus, while research in sociopho-
netics and applied linguistics emphasizes that accents present meaningful variation that 
cannot be dismissed as “deviation” from a standard, but must be understood in relation to 
broader sociocultural structures, in Automatic Speech Recognition (ASR) research they 
are typically treated as such (Prinos et al. 2024). Critically, ASR systems are not neutral 
to variation in speaker accent or dialect, although any human-machine interaction occurs 
through an accented version of a specific language in real-world usage.

In recent years, smartphones have become indispensable tools for communication, 
productivity, and entertainment (Nawaz 2024). Their growing integration with artificial 
intelligence (AI) (Goggin 2025) has made ASR a key component of human-machine in-
teraction (Li et al. 2022), enabling functionalities such as voice assistants, real-time tran-
scription, and hands-free control. Voice-activated virtual assistants like Google Assistant, 
Apple Siri, Amazon Alexa, and Samsung Bixby are now widely used, with increasingly 

2 In the remainder of this paper, Inner, Outer and Expanding varieties will be identified with the labels “INN”, 
“OUT”, and “EXP”.
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broad linguistic coverage ( Jaber et al. 2024; Palanica, Fossat 2021). For instance, Google 
Assistant supports over 40 languages3, Apple’s Siri 264, and Amazon Alexa 95.

Despite remarkable technological advances and vendor claims of enhanced user expe-
rience6, real-world usage reveals important limitations, particularly in how accurately these
assistants recognize speech from users speaking with non-standard accents (Rìo et al. 2023; 
Lawrence 2021). A substantial body of research has shown that these systems systematical-
ly underperform when processing speech from speakers with so-called “non-standard” or 
“regional” English accents (Tatman, Kasten 2017; Tatman 2017; Choe et al. 2022; Michel 
et al. 2025)7.

Although some providers offer localized, dialect-specific models (e.g., Siri supports 
nine English dialects), empirical studies continue to show that ASR performance is skewed 
toward dominant varieties, particularly Standard American English, while speakers of 
non-standard or underrepresented accents are disadvantaged ( Jain et al. 2018; Koenecke 
et al. 2020; O’Neill, Carson-Berndsen 2023).

Tatman (2017), for instance, already demonstrated significant disparities in YouTube’s 
auto-generated captions across gender and dialect groups. Harris et al. (2024) further con-
firmed this pattern by evaluating leading ASR models on speakers of Standard American 
English versus three minority dialects, finding consistently lower transcription accuracy 
for the latter. Similarly, L2 speech continues to present challenges for ASR. Studies have 
reported systematic biases, with higher Word Error Rates (WERs) for L2 speakers (Cám-
bara et al. 2021; Prinos et al. 2024). Tadimeti et al. (2022) assessed various commercial and 
academic ASR systems and found that performance degraded considerably for non-Amer-
ican accents, with absolute accuracy gaps ranging from 2% to 12% and relative differences 
of 16% to 49%.

A growing body of literature has established that ASR accuracy is tightly linked to the 
composition of training data. Systems trained predominantly on standard varieties tend 
to generalize poorly to regional, L2, or less common L1 accents. Although recent work 
has introduced promising techniques for mitigating these biases, such as geographically 
stratified corpora and accent-aware modeling (Maison, Estève 2023; Do et al. 2024; Deng 
et al. 2021; Najafian, Russell 2020), multiple studies still report significant disparities in 
ASR performance. Kuhn et al. (2024) identified consistently higher WERs for L2 English 

3 https://venturebeat.com/ai/google-assistant-can-now-interpret-44-languages-on-smartphones/ (last accessed 
July 23, 2025).
4 https://en.wikipedia.org/wiki/Siri (last accessed July 23, 2025).
5 https://en.wikipedia.org/wiki/AmazonAlexa (last accessed July 23, 2025).
6 https://www.wired.com/story/siri-ios-11-update-improvement-voice/ (last accessed July 23, 2025) and https://
aws.amazon.com/pm/transcribe/ (last accessed July 23, 2025).
7 We are aware that the traditional dichotomies, such as standard vs.d non-standard or d native vs.e non-native
varieties, are insufficient to fully capture the diverse functional and social dimensions of English varieties spo-
ken worldwide, as one reviewer critically observed. At the same time, this is not the venue to address such a 
complex and multi-layered debate; we therefore refer the reader to Berruto’s seminal essay Miserie e grandezze 
dello standard. Considerazioni sulla nozione di standard in linguistica e sociolinguistica (Berruto 2007), which 
offers an in-depth discussion of the notion of “standard” from both linguistic and sociolinguistic perspectives.
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speakers and Graham and Roll (2024) observed that OpenAI’s Whisper achieved better 
accuracy on L1 English accents compared to L2 ones. Similarly, Choe et al. (2022) and 
Hollands et al. (2022) emphasized that performance disparities persist across demographic 
and linguistic lines, particularly between L1 and L2 English users.

These findings underscore a persistent mismatch between technological capabilities 
and real-world linguistic diversity. ASR systems continue to perform best on L1 or stan-
dardized English speech, often failing to meet the needs of users who speak with different 
accents or come from linguistically marginalized communities (Wenzel et al. 2023; Brewer 
et al. 2023; Kulkarni et al. 2024).

In global contexts such as healthcare, education, and remote work, where English is 
often used as a lingua franca, this discrepancy in ASR performance can lead to communica-
tion inefficiencies and reduced accessibility for a substantial segment of the global popula-
tion. Patients may experience breakdowns in communication during medical interactions 
(Miner et al. 2020; Tobin et al. 2024); students may struggle with inaccurate ASR-based 
captions or note-taking tools (Kuhn et al. 2024; Tatman 2017); job seekers may face sub-
tle forms of linguistic bias in AI-powered screening or productivity tools (Hoffmann et 
al. 2024). What can be considered merely as a technical underperformance may thus risk 
reinforcing existing linguistic hierarchies and contributing to a broader form of marginal-
ization and linguistic inequality (Sun Eidsheim 2023; Drożdżowicz, Peled 2024; Michel 
et al. 2025), whereby speakers of less widely spoken or less prestigious accents are made to
feel invisible or illegible to mainstream technologies.

Against this backdrop, the present study aims to assess whether Apple Siri, one of the 
most widely deployed ASR systems, exhibits accent-based performance disparities based 
on users’ accents. By contributing to the literature on algorithmic bias in speech technol-
ogies, this research aims to raise awareness about persistent linguistic inequities in digital 
communication and encourage developers to design more inclusive systems. The remain-
der of this paper is organized as follows. Section 2 outlines the methodological framework, 
including the rationale for accent selection, data sources, and experimental procedures. 
Section 3 presents and interprets the results, combining quantitative performance metrics 
with a qualitative error typology to capture both accuracy and functional impact across 
accent groups. Section 4 discusses the limitations of the study and outlines directions for 
future research, particularly in relation to dataset expansion, multi-platform comparisons, 
and alternative evaluation metrics. Finally, Section 5 concludes by synthesizing the main 
findings, reflecting on their implications for linguistic equity in speech technologies, and 
proposing strategies for developing more inclusive and accent-aware ASR systems.

2. Methodology

2.1 Background and Objectives

Addressing the sociolinguistic complexity of English is particularly relevant in the context 
of ASR, where performance disparities may reflect not only linguistic distance from “stan-
dard” varieties but also structural biases in model training and data selection. To frame the 
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analysis of ASR performance of Apple iPhones across English varieties, this study draws 
on Kachru’s Three Circles Model (1985), allowing us to move beyond a simplistic and 
problematic native/non-native dichotomy and to foreground the social, geopolitical, and 
ideological dimensions of accent in English speech technologies. By incorporating Kach-
ru’s model in the analysis, we aim to situate accents within broader global hierarchies of 
language prestige, technological representation, and access. In doing so, we intend to fore-
ground the uneven socio-technical landscape in which ASR systems operate and to lay the 
groundwork for a more equitable evaluation of recognition performance across diverse 
English-speaking communities.

This study evaluates the automatic speech recognition performance of Apple iPhones 
across a sample of accents belonging to Inner, Outer, and Expanding Circles varieties. In 
particular, we mean to:
1. Test whether localized ASR model variants yield better performance when aligned 

with a speaker’s accent or regional variety.
2. Compare the performance of localized models with that of the generic “English (de-

fault)” model on the same speech inputs.
3. Explore whether performance differences reflect systematic biases affecting certain ac-

cent groups (e.g., INN vs. OUT/EXP).
We define localization here as the adaptation of ASR models to specific regional or national 
varieties of English (e.g., “English [UK],” “English [Australia]”), as offered in the iOS set-
tings8. Although not introduced earlier, this concept plays a central role in this study and is
based on the premise that linguistic localization improves ASR accuracy by aligning system 
behavior with users’ pronunciation, vocabulary, and regional conventions. The choice of a 
specific localized model (or variant) can be influenced by multiple factors, including the
speaker’s accent, geographic and cultural context, and the effectiveness of speech recog-
nition for personal use. Users often select a variant that aligns with their pronunciation 
to improve system comprehension, especially if they have a distinct accent. Geographical 
location also plays a role, as localised models are typically optimized for interactions with 
regional services, and lexical differences between English varieties may further influence 
this choice, reducing the risk of misinterpretation. Additionally, compatibility with other 
applications, such as voice-controlled devices, may determine which variant is most func-
tional. Personal preference is another consideration, particularly for bilingual individuals 
or those with exposure to multiple varieties of English.

Building on these observations, we hypothesize that aligning one’s accent with a corre-
sponding ASR variant should improve recognition accuracy (RQ1). We also hypothesize 
that, if geographic location is a determining factor in ASR model optimization (as is often 
the case for localized ASR systems designed to interact with regional services), then choos-
ing a variant based on one’s location, even when it does not match the speaker’s accent, 
should yield recognition performance at least comparable to that of the default generic 
model (RQ2). Finally, we seek to investigate whether systematic performance disparities 

8 As of 2024, they were the USA, the UK, Australia, Canada, India, Japan, New Zealand, Singapore, South Africa.
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emerge among different accent groups, particularly in relation to speakers of Inner vs. Out-
er or Expanding Circle varieties of English (RQ3). Rather than assuming bias a priori, we 
use the term here to refer to any measurable performance asymmetry that may be consid-
ered unfair or disproportionate across speaker categories.

2.2 Data

This study draws on audio samples from the CIRCE corpus, which features read-text record-
ings from speakers of diverse English accents. The dataset includes speech from male and 
female speakers across four Inner and seven Outer and Expanding Circle varieties of English.

To ensure comparability across accent groups, all participants read the same 74-word 
reference passage (see below). This controlled elicitation protocol minimizes content-re-
lated variability and allows for a consistent assessment of recognition accuracy:

Food products often travel large distances to reach a store. An orange, for example,
might travel by truck from a farm to a packaging plant. It might then be exported by 
plane to another country, where it reaches a store and then, finally, a consumer. That
is why more and more people claim that transporting foods over large distances is
harmful to the environment and choose to eat food products from small, local farms.

The dataset includes the following accents:
– Inner Circle: Standard American English (AmE), African American English (AAE), 

Standard British English (BrE), Multicultural London English (MLE).
– Outer Circle: Indian (InE), Nigerian (NiE).
– Expanding Circle: Bosnian (BoE), Italian (ItE), Turkish (TuE), Ukrainian (UkE), Chinese 

(ChE).
The eleven accents were chosen to reflect both dominant and underrepresented varieties, 
including ethnically and regionally marked dialects (e.g., AAE, MLE) often overlooked in 
ASR evaluation. While resource constraints played a role in accent inclusion (especially 
for less-represented varieties such as Bosnian or Ukrainian), these voices were not arbi-
trarily chosen. All recordings were sourced from the CIRCE corpus, which pre-classified 
speakers based on detailed background metadata. Accent representativeness was verified 
by trained phoneticians affiliated with the corpus project and confirmed by the authors 
through manual inspection of the metadata and speech samples.

Each accent group includes one male and one female voice, yielding a total of 22 audio 
clips. Each clip is approximately 32 seconds long on average. While detailed sociolinguis-
tic variables (e.g., age of onset, time in English-speaking contexts) were not made avail-
able through the corpus, the metadata does include speaker gender, age range, and accent 
self-identification. These were used to screen the recordings for eligibility and balance.

Recordings were made using standardized procedures defined by the corpus compilers. 
These included:
– Quiet environments (minimal background noise);
– Consistent microphone setup across speakers;
– Controlled reading task with visual prompts.
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As all recordings came from the same corpus, channel-related acoustic variability was minimized.

2.3 Tools and Procedure

As discussed in Section 1, although Siri is not the most widely used or technically advanced 
ASR system (Palanica, Fossat 2021), it remains one of the most accessible, being pre-installed 
on all Apple smartphones. With over 2.3 billion iPhones sold globally since 20079, Siri has
significant market penetration. Moreover, among the major commercial voice assistants, Siri 
offers the broadest support for English regional variants (Lawrence 2021), making it a suitable 
platform for evaluating accent-sensitive ASR performance in real-world consumer contexts.

All testing was conducted in March 2024 using the iOS 17.4 operating system on an 
iPhone 13 running the latest version of Siri at the time of testing. Recordings were tran-
scribed via Siri’s on-device voice dictation feature embedded in the Apple Notes app. Au-
dio clips were played from a desktop computer at a consistent volume using built-in speak-
ers. The iPhone was positioned ~15–20 cm from the speaker output to simulate realistic 
smartphone usage scenarios such as voice messaging or dictation. Each of the 22 audio 
clips (11 accents × 2 speakers) was transcribed three times with each of the nine available 
English-language Siri variants10, resulting in a total of 594 transcriptions. The ASR output 
for each clip was compared against the reference passage, and the Word Error Rate (WER) 
was calculated for each passage and as an average of the three passages for each accent and
voice. WER is a standard metric for ASR evaluation, defined as:

WER = (S + D + I) /N

where S is the number of substitutions,S D is the number of deletions, I is the number of I
insertions, and N is the total number of words in the reference transcript (74).

WER is computed using Levenshtein distance and provides a quantitative measure of 
ASR accuracy. While widely used, WER is limited in that it treats all word-level errors 
equally, regardless of semantic weight or grammatical function (Szymanski et al. 2020; To-
bin et al. 2022; Coro et al. 2025).

To interpret ASR performance for applications such as dictation and smartphone voice 
assistants, we adopted the following scale, updated to reflect recent usability research (Har-
rington 2023):
– Excellent (WER < 5%): human-like performance; suitable for dictation and high-

stakes usage.
– Good (5% ≤ WER < 7%): minor errors occur but do not significantly hinder usability. 

Suitable for general-purpose dictation and everyday assistant use.
– Acceptable (7% ≤ WER < 10%): noticeable errors; may require user corrections or 

re-phrasing. Usable for casual voice commands, limited dictation.

9 https://en.wikipedia.org/wiki/IPhone (last accessed July 22, 2025).
10 As tested in 2024.
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– Marginal (10% ≤ WER < 15%): errors may impair user experience; only acceptable in 
constrained tasks or low-stakes use.

– Unacceptable (WER ≥ 15%): not viable for dictation or voice assistant deployment.
This performance categorization enables an interpretable, user-oriented assessment of Si-
ri’s ASR behavior across English variants and accent types.

3. Results and Discussion

3.1 General Overview

Table 1 presents the aggregate performance of each Siri English localized variant across all 
accents. Results confirm that no model performs at an Excellent or even Acceptable level 
overall. The UK, New Zealand, and Canada models yield the lowest average Word Error 
Rates (WERs), but still exceed the 10% threshold typically considered acceptable for dic-
tation and virtual assistant applications. Models localized for Japan, India, and Singapore 
perform markedly worse, with mean WERs exceeding 20% and in some cases approaching 
60%, making them impractical for reliable use in general-purpose ASR tasks.

Table 1 - General performance of Siri English variants (across all accents)

Model Mean Median
UK 11.69 11.50
AU 15.36 13.50
US 14.06 12.20
CA 13.45 12.20
JP 58.80 60.80
IN 23.55 19.60
NZ 13.32 11.50
SI 23.39 16.90

ZA 15.14 13.50

Table 2 displays performance averaged over all Siri models for each of the 11 tested accents. 
The only accent with a mean WER below 5% is Standard American English (AmE), which 
meets the “Excellent” threshold. African American English (AAE) and Indian English 
(InE) follow, both within the “Acceptable” range. Other Inner Circle accents, including 
Multicultural London English (MLE) and British English (BrE), show higher error rates, 
in some cases worse than several Outer and Expanding Circle varieties. Notably, Chinese 
(ChE) and Nigerian (NiE) English exhibit better recognition scores than BrE, MLE, or 
Italian English (ItE). These findings challenge the assumption that Inner Circle varieties
always perform better than Outer and Expanding Circle varieties.
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Table 2 - Average performance per accent (aggregated across Siri variants)

Accent Mean Median
AAE 10.71 9.50
AmE 3.96 2.70
BrE 23.72 19.60

MLE 17.46 15.55
BoE 28.53 23.00
ChE 10.15 13.50
InE 8.35 8.10
ItE 20.25 16.20

NiE 15.24 12.85
TuE 17.71 16.20
UkE 22.61 23.00

To further assess the reliability of model performance, we also report standard deviationy
and computed 95% confidence intervals for each accent (see Table 3). Accents such as 
InE, AmE, and AAE exhibit low variability, suggesting consistent recognition acrossg
Siri models. In contrast, accents like Bosnian English (BoE), BrE, and ItE show wide 
fluctuations, reflecting inconsistent model behavior.

Table 3 - Accent performance consistency across models: Mean WER, Standard Deviation,
and 95% Confidence Intervals

Accent Mean WER (%) StDev 95% CI (±)
InE 8.35 2.51 ±1.44

AmE 3.96 3.11 ±1.78
AAE 10.71 4.58 ±2.63
ChE 10.15 5.59 ±3.21
UkE 22.61 5.69 ±3.26
TuE 17.71 9.03 ±5.18

MLE 17.46 9.44 ±5.42
NiE 15.24 11.16 ±6.40
ItE 20.25 15.15 ±8.69

BoE 28.53 17.44 ±10.01
BrE 23.72 24.21 ±13.90

The observed trend of high accuracy coupled with low variability for AmE and InE likely 
reflects a confluence of three factors:
1. Extensive representation in training data: both accents are well represented in commer-

cial ASR corpora, resulting in consistent performance across models (Koenecke et al. 
2020; Blodgett et al. 2020).
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2. Phonetic alignment with dominant ASR norms: their phonological patterns approx-
imate so-called standard varieties, reducing model error during phoneme decoding 
(Lippmann 1997; Adank et al. 2004).

3. Industry prioritization: these accents are commercially valuable and prioritized in sys-
tem optimization, especially for customer-facing applications such as call centers and 
smart assistants (Tatman 2017; Veliche et al. 2024).

Conversely, accents like BoE, BrE, and ItE not only suffer from higher mean WERs, but 
also from high variability: this may indicate that models are inconsistent in their ability to 
process these speech patterns. This variability suggests gaps in training coverage, phonetic 
dissimilarity to dominant varieties, or poor generalization capacity.

Finally, the presence of high WER variability (especially for Inner Circle varieties such 
as MLE and AAE and most Expanding Circle varieties) underscores the importance of 
evaluating both performance and consistency when assessing ASR fairness.

3.2 Accent-specific Model Performance

Tables 4 and 5 present a detailed breakdown of ASR recognition performance across the 
eleven English accents and nine ASR variants. The data show substantial differences both 
between models and across accents.

Table 4 - WER (%) per accent and ASR variant, mean values, aggregated female and male speakers

Accent AU CA IN JP NZ SI UK US ZA
AAE 10.58 9.47 15.33 54.73 9.02 11.97 9.03 10.17 10.15
AmE 2.93 2.95 8.58 31.77 3.18 7.23 2.07 1.58 3.18
BrE 20.95 13.77 44.62 72.73 17.80 45.72 16.92 14.20 15.77

MLE 14.65 12.85 35.12 83.82 13.30 22.52 11.28 15.10 14.88
BoE 29.07 34.93 23.43 73.42 20.95 30.42 16.02 31.30 42.13
ChE 9.25 9.70 15.32 48.20 8.57 10.83 9.47 9.25 8.80
InE 8.58 6.55 7.90 33.10 7.68 9.70 9.23 8.13 9.02
ItE 16.22 14.65 22.75 74.33 17.55 47.30 13.75 14.43 15.32

NiE 11.05 10.38 31.07 67.35 11.05 28.13 7.68 9.72 12.85
TuE 20.27 12.17 24.78 61.03 14.88 20.25 12.62 19.83 16.90
UkE 25.45 20.50 30.18 46.83 22.52 23.18 20.50 20.97 17.57

Table 5 - WER (%) per accent and ASR variant, median values, aggregated female and male speakers

Accent AU CA IN JP NZ SI UK US ZA
AAE 10.80 9.45 14.20 62.15 9.50 12.20 8.80 10.15 10.15
AmE 2.70 2.70 8.15 29.75 3.40 7.45 1.40 2.05 3.40
BrE 20.25 12.85 41.25 76.35 16.90 45.25 15.55 14.90 15.55

MLE 16.20 11.50 37.15 82.45 13.55 21.60 10.85 12.85 14.20
BoE 18.90 25.70 20.95 76.35 22.30 27.70 16.25 29.05 35.15
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Accent AU CA IN JP NZ SI UK US ZA
ChE 8.80 8.80 14.90 45.95 8.80 11.50 10.15 9.45 8.80
InE 9.50 6.10 6.80 33.10 7.45 10.15 8.80 7.45 8.80
ItE 16.20 14.85 23.65 75.00 16.20 43.90 12.85 14.20 15.55

NiE 10.85 12.20 29.70 66.25 11.50 31.75 6.80 8.80 12.85
TuE 19.60 11.50 23.65 60.80 14.20 20.25 12.15 21.65 16.25
UkE 25.00 20.95 29.75 46.60 21.60 23.65 20.30 21.65 16.90

Inner Circle varieties generally yield lower Word Error Rates (WERs) than Outer and Ex-
panding Circle accents, with AmE consistently achieving the best recognition scores. The 
Canadian and US models, in particular, demonstrate high robustness, showing strong per-
formance across multiple accents. In contrast, the Japanese model remains a consistent outli-
er, with WERs significantly above the defined threshold of usability across nearly all accents.

A closer look at median values in Table 5 reveals that fewer than half of all model-ac-
cent combinations (48 out of 99) fall within an acceptable range of performance. While 
some models, particularly CA, NZ, UK, and US, exceed acceptability on 3 to 4 accents 
each, others, such as SI and IN, underperform across most accents. These findings rein-
force results from Section 3.1, showing that only a small subset of model-accent combina-
tions meet the standards expected for practical deployment.

From the accent perspective, AmE is recognized above the acceptability threshold by 
8 out of 9 models (excluding the JP model), with performance reaching the “Excellent” 
category in most cases. ChE and InE follow, with 5 models each demonstrating at least 
acceptable performance. Recognition of AAE is moderate, with 3 models reaching accept-
ability. At the other end of the spectrum, BoE, Turkish (TuE), Ukrainian (UkE), and ItE 
are never recognized above the threshold by any model, highlighting persistent limitations 
in current ASR systems for less dominant Expanding Circle varieties.

Table 6 synthesizes this information categorically. Among Inner Circle varieties, AmE 
achieves the most consistent performance, while BrE and MLE perform poorly across 
nearly all models. The failure of MLE to be recognized acceptably by any model is espe-
cially noteworthy and aligns with earlier concerns about the limited sociolinguistic cover-
age in training data. BrE, despite its historical prominence, also fails to achieve usability 
thresholds, suggesting either misalignment with acoustic training norms or insufficient 
model tuning.

Table 6 - WER acceptability per accent and ASR variant, median values, aggregated female
and male speakers

Accent AU CA IN JP NZ SI UK US ZA
AAE M A M U A M A M M
AmE E E A U E A E E E
BrE U M U U U U U M U

MLE U M U U M U M M M



44 Claudia Soria, Rosalba Nodari, Silvia Calamai

Accent AU CA IN JP NZ SI UK US ZA
BoE U U U U U U U U U
ChE A A M U A M M A A
InE A G G U A M A A A
ItE U M U U U U M M U

NiE M M U U M U G A M
TuE U M U U M U M U U
UkE U U U U U U U U U

Among Outer and Expanding Circle varieties, ChE and InE are the best-performing, espe-
cially when paired with more robust models (e.g., CA, UK, and US). These accents may 
benefit from broader global exposure and inclusion in multilingual datasets. In contrast, 
recognition of BoE and UkE is particularly weak, with high WERs and zero instances of 
acceptable recognition. This underperformance highlights a broader issue of typological 
and geographical imbalance in ASR training corpora.

Importantly, only AmE reaches the “Excellent” level in most cases. Some accents do 
reach “Good” or “Acceptable” levels under specific conditions: for instance, InE achieves 
“Good” scores with CA and IN models, while ChE is recognized acceptably by AU, CA, 
and US models.

Overall, these results emphasize:
– the dominance of AmE-centric optimization across systems;
– a systematic performance gap between high-resource and low-resource accents;
– the limitations of current models in reliably supporting linguistic diversity, particularly 

in underrepresented Expanding Circle varieties.

3.2.1 Performance  of Localized ASR Models on Corresponding Accents
To evaluate whether localized ASR variants are optimized for the accents they ostensibly 
support, we examined three models (US, UK, and IN) on their regionally aligned accents. 
These include AmE and AAE for the US model; BrE and MLE for the UK model; and 
Indian English for the IN model.

The results suggest mixed outcomes. For AmE, both the US and UK models perform ex-
cellently, with the UK model showing slightly superior performance. Interestingly, the UK 
model also outperforms the US model for AAE, indicating that localization does not always 
equate to superior performance on aligned accents. For BrE, the UK model is outperformed 
by both the Canadian and American models, while for MLE, the UK model does perform 
best, though still below the acceptability threshold. Regarding Indian English, both the IN 
and CA models yield strong results, with the CA model showing a slight edge.

These findings show that geographic alignment alone does not guarantee optimal per-
formance. While some localized models perform well, other non-localized systems (espe-
cially CA) often exhibit greater cross-accent generalizability. This suggests that training 
data diversity and ASR model design may matter more than regional tagging per se.
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3.2.2 Accent–Mode l Matching: Does Localization Benefit the Speaker?
A more user-centric question is whether selecting the localized ASR model variant that 
corresponds to the speaker’s country of residence improves recognition for their accent. 
This analysis is especially relevant for speakers of Outer and Expanding Circle varieties of 
English, whose accents are not typically tied to a single national context.

Our findings show that some localized models offer recognition advantages for certain 
accents. For instance, AAE is more accurately recognized by the Canada, New Zealand, 
and UK models than by the US model. Similarly, BrE is better recognized by CA and US 
models than by the UK variant. InE achieves optimal scores with both the IN and CA 
models. ChE benefits most from the ZA model.

However, these performance gains are uneven and inconsistent. For AmE, recognition 
is uniformly excellent across all models. By contrast, MLE, BoE, ItE, TuE, and UkE con-
sistently underperform across models, with no localized system offering meaningful im-
provement. This pattern suggests that localization mainly benefits accents already well rep-
resented in training data, with diminishing returns for those less frequently encountered.

Moreover, the assumption underlying localized ASR variants that a user’s accent cor-
responds to their geographic location does not hold for many speakers of Expanding Cir-
cle varieties of English. Accents such as ItE or TuE may be spoken globally, independent 
of a single national territory. A speaker of Italian-accented English may reside in France, 
Germany, or the UK and use English in international or digital domains. In such cases, 
selecting a “local” model provides no inherent benefit. Instead, these users often default to 
standard varieties (e.g., UK or US English), which may or may not be better tuned to their 
phonetic features.

This points to a structural limitation in the current localization paradigm. While useful 
for geographically bound Inner Circle varieties (e.g., Scottish English in Scotland), it offers 
limited utility for transnational speakers. Future ASR development may need to shift from 
geographically localized models to accent-sensitive personalization strategies that adapt to 
users’ speech patterns dynamically, regardless of location.

3.3 Implications and Interpretation

The results of this study confirm substantial variation in ASR performance across English ac-
cents, with clear disparities that reflect underlying biases in model training and optimization. 
Standard American English and Indian English consistently achieve the highest levels of rec-
ognition accuracy and the lowest standard deviation, suggesting both strong representation 
in training data and alignment with the phonetic norms prioritized in ASR development.

In contrast, other varieties, including some L1 accents such as British English and Mul-
ticultural London English, display higher WERs and greater variability, indicating limited 
exposure during training and phonetic divergence from the dominant modeling standards. 
Surprisingly, several Outer and Expanding Circle varieties (e.g., Indian, Chinese) outperform 
certain Inner Circle accents, revealing that performance is shaped not strictly by nativeness 
but by broader sociotechnical dynamics, including commercial priorities and data availability.
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These findings underscore the entanglement between linguistic ideologies and tech-
nological design. From a sociolinguistic perspective, particularly within the framework of 
globalization (Blommaert 2010), ASR technologies appear to reinforce new global hierar-
chies of English. It would seem, thus, that Kachru’s (1985) concentric-circle model, once 
useful in describing the geopolitical diffusion of English, could be increasingly inadequate 
in accounting for technological mediation. While only one inner-circle variety (AmE) 
consistently performs well, Indian English (a historically outer-circle variety) now rivals 
it in ASR accuracy. This shift reflects the growing influence of countries like India and 
China, not only in terms of user base but also as pivotal centers of speech technology de-
velopment and linguistic modelling (see, for instance, Javed et al. 2022; Fang et al. 2022).

As such, ASR performance may no longer mirror traditional sociolinguistic prestige 
or native/non-native distinctions. Instead, it increasingly aligns with the infrastructural 
and commercial realities of the tech sector, where dominant training paradigms are shaped 
by regions with large markets, technical expertise, or strategic importance. This dynamic 
raises important questions about the sociotechnical power shaping what counts as “recog-
nizable” English.

3.4 Qualitative Error Typology: Toward Linguistically Informed ASR Evaluation

While Word Error Rate (WER) is a useful benchmark, it is widely recognized that it offers 
no insight into the qualitative nature of errors or their functional impact. To address this 
limitation, we conducted a focused typological analysis of ASR outputs, following recent 
frameworks developed for linguistically meaningful ASR evaluation (e.g., Papadopoulou 
et al., Zaretskaya, Mitkov 2021; Meripo, Konam 2022).

A subset of the transcriptions generated by Siri was selected for qualitative analysis, spe-
cifically those produced by the US model, which achieved the highest average performance 
across English varieties. For each speaker and accent, we selected the transcription corre-
sponding to the median Word Error Rate (WER). These transcriptions were subsequently 
tokenized, automatically annotated for part-of-speech, and manually coded according to 
error type, part-of-speech category involved, and impact on intelligibility. The classifica-
tion scheme adopted was adapted from Wirth and Peinl (2022), with modifications to suit 
the aims of the present study:
– Edit operation type (deletion, insertion or substitution): these tags categorize automatic 

transcription errors based on the three fundamental operations used in calculating the 
Word Error Rate.

– Grammatical category: this level refers to the category of part-of-speech affected by the 
deletion, insertion or substitution. Tags are punctuation (such as deletion or insertion of a 
punctuation mark), grammar (i.e. substitution of “a” with “the” or of “travels” with “travel”), r
lexicon (“stone” vs. “store”), and lexico-grammar, when the error involved the substitution r
of a lexical item with a functional one and vice-versa (“large” vs. “by”; “by” vs. “bike”).

– Impact on comprehensibility of resulting text: negligible (such as in omission of punc-e
tuation marks), minor, and major (such as substitution of lexical items affecting seman-r
tic content, such as “explored” instead of “exported” or “helpful” instead of “harmful”).
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Table 7 illustrates the percentage of Edit operation type of errors, showing that the type of 
error alone cannot be linked with better or worse recognition by ASR11.

Table 7 - Distribution of ASR errors by Edit operation type

Accent WER DEL INS SUB
AmE 2.70 69.23 7.69 23.08
AAE 8.80 64.71 11.76 23.53
BrE 14.20 71.79 5.13 23.08

MLE 14.20 58.97 10.26 30.77
InE 7.45 56.67 10.00 33.33
NiE 9.50 60.61 12.12 27.27
BoE 31.05 76.19 6.35 17.46
ChE 9.50 50.00 12.50 37.50
ItE 14.20 53.66 9.76 36.59

TuE 18.90 65.31 6.12 28.57
UkE 20.95 49.06 7.55 43.40

Table 8 presents the PoS affected by the errors introduced by the ASR system.

Table 8 - Error typology based on linguistic category

Accent WER PUN GRA GRA-LEX LEX
AmE 2.70 76.92 0.00 33.33 15.38
AAE 8.80 61.76 23.53 0.00 14.71
BrE 14.20 48.72 35.90 11.11 10.26

MLE 14.20 46.15 28.21 0.00 25.64
InE 7.45 60.00 23.33 30.00 6.67
NiE 9.50 57.58 18.18 55.56 9.09
BoE 31.05 28.57 31.75 0.00 39.68
ChE 9.50 56.25 21.88 8.33 18.75
ItE 14.20 46.34 36.59 13.33 12.20

TuE 18.90 42.86 26.53 7.14 26.53
UkE 20.95 37.74 35.85 26.09 15.09

Accent-specific analysis of error distributions reveals notable variation in how different 
linguistic categories contribute to ASR performance, as measured by Word Error Rate 
(WER). Accents with the highest WER such as BoE and UkE present elevated rates of 
lexical and grammatical errors, indicating that failures in recognizing content and struc-

11 The values for WER reported in this and the two following tables refer to the average between the two tran-
scriptions considered per each accent.
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ture-bearing words significantly undermine transcription accuracy. In contrast, accents 
with lower WERs, such as AmE, InE, and AAE, tend to exhibit fewer lexical and gram-
matical errors, with a larger proportion of punctuation errors, which are typically less det-
rimental to intelligibility. Interestingly, the “GRA/LEX” category, which captures substi-
tution errors between grammatical and lexical items (e.g., replacing a noun with a preposi-
tion), shows sporadic distribution across accents. While these hybrid errors are infrequent 
overall, their occurrence, particularly in Indian and American English, suggests complex 
misalignments between syntactic roles that can affect parsing and meaning reconstruc-
tion, even when WER is low. Notably, high WER values are consistently associated with 
a prevalence of lexical errors, reinforcing the critical role of content-word fidelity in ASR 
accuracy. The analysis suggests that lexical misrecognition is a more damaging error type 
than grammatical or punctuation-based deviations.

A Pearson correlation test was thus conducted to assess whether the four dimensions 
were statistically correlated with WER. Results show a strong negative association between 
WER and Punctuation (r = –0.96) and a strong positive correlation between WER and 
lexical items (r = 0.73). The correlation with the “GRA” error category is moderately 
strong and positive (r = 0.67), whereas the correlation with the GRA/LEX category is 
weak and negative (r = –0.44). These results suggest that punctuation errors, although 
frequent, do not directly contribute to the WER; in fact, a high number of punctuation 
errors can coexist with good ASR performance. Conversely, WER tends to increase sub-
stantially with the number of lexical errors. This is expected, as WER reflects substitutions, 
deletions, or insertions of words, which are often lexical in nature. Grammatical errors also 
contribute to WER, though their impact appears slightly lower than that of lexical errors. 
In conclusion, WER appears to be more sensitive to lexical than to grammatical errors, 
suggesting that it is not neutral to error type. This differential impact points to the need 
for error typologies in ASR evaluation that distinguish between the functional weight of 
error types, particularly in multilingual and multi-accented contexts.

Table 9 presents the percentage distribution of the different types of error impact intro-
duced by the automatic speech recognition analysis.

Table 9 - Distribution of ASR errors by semantic impact across accents

Accent WER NEG MIN MAJ
AmE 2.70 0.00 84.62 15.38
AAE 8.80 58.82 17.65 23.53
BrE 14.20 48.72 28.21 23.08

MLE 14.20 7.69 46.15 46.15
InE 7.45 43.33 30.00 26.67
NiE 9.50 48.48 21.21 30.30
BoE 31.05 14.29 25.40 60.32
ChE 9.50 56.25 15.63 28.13
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Accent WER NEG MIN MAJ
ItE 14.20 31.71 39.02 29.27

TuE 18.90 44.90 10.20 44.90
UkE 20.95 37.74 9.43 52.83

A detailed analysis of error severity across accents reveals a strong positive correlation be-
tween WER and the proportion of major errors (MAJ), with a coefficient of 0.90. This 
suggests that accents with higher WERs are not only prone to more frequent errors but 
also to more impactful ones that significantly affect semantic interpretation. Conversely, 
WER is moderately negatively correlated with minor errors (MIN, r = –0.46), indicating 
that systems performing better tend to produce more superficial, less disruptive mistakes. 
The correlation between WER and negligible errors (NEG) is weak (r = –0.15), suggest-
ing limited relevance. These findings reinforce the need to complement quantitative met-
rics like WER with qualitative measures of error impact, especially when evaluating ASR 
usability and fairness across accent groups.

4. Limitations an d Future Work

While this study provides valuable insights into ASR performance across diverse English 
accents, several limitations must be acknowledged.

First, the dataset includes only two speakers per accent (one male, one female), limiting 
the generalizability of findings and precluding intra-accent analysis. Expanding the sample 
to include more speakers across age, region, and sociolinguistic profiles would enhance 
representativeness and enable more robust statistical evaluation (Blodgett et al. 2020). We 
also acknowledge that the dataset does not fully cover the global range of L2 Englishes. 
However, the diversity achieved here enables a meaningful first-step comparison of Inner, 
Outer, and Expanding Circle accents in consumer-grade ASR systems.

Second, the use of read speech ensures lexical and syntactic consistency across samples,
but it does not fully replicate the variability and disfluency of spontaneous speech. Future 
work should incorporate conversational data or spontaneous speech to better assess ASR 
performance in real-world contexts (Kuhn et al. 2024).

Third, the analysis relies exclusively on Apple’s Siri, limiting the scope to one ASR sys-
tem. Including additional commercial and open-source models such as Google Assistant, 
Amazon Alexa, or OpenAI Whisper would allow for comparative analysis across platforms 
and help determine whether observed patterns are Siri-specific or reflect broader industry 
trends (DiChristofano et al. 2024; Graham, Roll 2024).

Fourth, Word Error Rate (WER), though a standard metric, provides a limited view 
of transcription quality. Even though our sample analysis appears to suggest a correlation 
between WER and both the impact and type of errors, we are aware that WER treats all 
errors equally, does not account for semantic fidelity, and offers no insight into user im-
pact. Future research should combine WER with alternative metrics (e.g., Semantic Error 
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Rate, entity recognition accuracy) and qualitative error analyses to capture usability and 
real-world implications more fully (Szymański et al. 2020; Coro et al. 2025).

Finally, the limited number of observations precludes formal statistical testing. Future 
work should calculate confidence intervals around central estimates and increase the data-
set size to enable significance testing (e.g., ANOVA or Kruskal-Wallis tests) to determine 
whether observed differences are statistically robust.

Despite these limitations, the study presents strong preliminary evidence of systemic 
disparities in ASR performance. These findings underscore the urgent need for more in-
clusive, geographically and phonologically diverse training data, and for ASR evaluation 
frameworks that center equity alongside accuracy.

5. Conclusions

This study contributes to ongoing research on the evaluation of automatic speech recogni-
tion systems by examining how accent variation affects ASR performance on widely avail-
able smartphone technology. By comparing the recognition accuracy of multiple localized 
English variants of Apple’s Siri across a controlled set of various English accents, the study 
offers empirical insight into accent-based disparities in ASR performance.

Our quantitative analysis revealed clear disparities in the performance of smart-
phone-based ASR systems across English accents. Standard American English consistently 
outperformed all other varieties, with Indian and Chinese English also achieving relatively 
strong recognition scores. In contrast, many Expanding Circle accents, such as Bosnian, 
Turkish, Ukrainian and Italian, were systematically underrecognized. Notably, even some 
Inner Circle accents like British English and Multicultural London English yielded high 
error rates, showing that belonging to Inner Circle varieties alone does not necessarily 
guarantee accurate recognition. These results align with prior research showing that ASR 
systems tend to perform best on speech varieties most represented in their training data 
and support the growing call for inclusive data curation and model testing frameworks that 
account for sociolinguistic diversity in speech. The stronger performance of American and 
Indian English may reflect the linguistic preferences embedded in commercial develop-
ment pipelines and market-oriented ASR optimization.

The qualitative error analysis provides further insight into the disparities in ASR per-
formance, showing that WER is more sensitive to lexical errors than to grammatical ones. 
While punctuation errors were frequent, they had little effect on WER or overall intelli-
gibility. In contrast, lexical substitutions were often semantically misleading, particularly 
when nouns were replaced with other content words or when a content word was replaced 
with a function word (and vice versa). These findings confirm that the type and communi-
cative impact of an error matter as much as its mere occurrence and suggest the limitations 
of relying solely on WER as a performance metric.

A novel contribution of this study lies in its examination of regional ASR variants and 
their interaction with both L1 and L2 accents. Although geographic alignment between 
localized ASR model variant and speaker accent did not always lead to improved recogni-
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tion, in some cases (e.g., for Indian or Chinese English) localized or regionally proximate 
models offered modest benefits. However, the study also found that such advantages were 
unevenly distributed and did not extend to less widely represented Expanding Circle vari-
eties, indicating that current localization strategies may be insufficient to address the full 
range of linguistic diversity encountered in global English usage.

Whilst we are aware of the methodological limitations of this study (as detailed in 
section 4), we believe it offers methodological and conceptual contributions to the study 
of linguistic equity in speech technology. In particular, the use of a standardized passage 
across all accents, coupled with a multi-model evaluation approach, enabled consistent 
comparisons while highlighting underexamined dynamics in localized ASR performance. 
Such an approach can lend itself to providing a clearer understanding of where and why 
recognition systems succeed or fail, and how these outcomes intersect with the sociolin-
guistic hierarchies of English in a globalized world. Crucially, these findings suggest that 
disparities in ASR performance do not entirely mirror the broader hierarchical structure 
of English varieties described in Kachru’s Three Circles model, reflecting changing global 
patterns of linguistic prestige, technological representation, and access.

Developing more inclusive ASR systems is not merely a matter of technological op-
timization but one of linguistic equity. The risk of accent bias is not only that it impairs 
user experience, but that it may reinforce existing social inequalities in digital interaction. 
As literature attentive to the underlying mechanisms of algorithms highlights, the choice 
not to worry about algorithms constitutes a privilege that today is no longer acceptable. 
If a person conforms to societal norms and also speaks with an accent deemed socially 
desirable, the algorithms are likely to function even more favorably for him (Noble 2018).

It is precisely in this context that sociolinguistics must assert its significance and role. 
When non-technological issues are addressed exclusively through technological lenses, 
technology experts often have the final say, frequently developing solutions that are more 
complex than the original problems they sought to resolve, while their effectiveness is al-
most impossible to evaluate (Morozov 2011). Therefore, we hope that this study will con-
tribute to the growing body of research advocating for accent-aware ASR evaluation and 
the systematic redesign of speech technologies to support linguistic diversity.
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