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Abstract

This paper presents a systematic evaluation of racial bias in four major commercial automatic speech recognition
(ASR) systems using the Pacific Northwest English (PNWE) corpus. We analyze transcription accuracy across
speakers from four ethnic backgrounds (African American, Caucasian American, ChicanX, and Yakama) and examine
how sociophonetic variation contributes to differential system performance. We introduce a heuristically-determined
Phonetic Error Rate (PER) metric that links recognition errors to specific linguistically motivated variables derived
from sociophonetic annotation. Our analysis of eleven sociophonetic features reveals that vowel quality variation,
particularly resistance to the low-back merger and pre-nasal merger patterns, is systematically associated with
differential error rates across ethnic groups, with the most pronounced effects for African American speakers across
all evaluated systems. These findings demonstrate that acoustic modeling of dialectal phonetic variation, rather than
lexical or syntactic factors, remains a primary source of bias in commercial ASR systems. The study establishes the
PNWE corpus as a valuable resource for bias evaluation in speech technologies and provides actionable guidance
for improving ASR performance through targeted representation of sociophonetic diversity in training data.

Keywords: automatic speech recognition, evaluation, speech corpus, bias, sociophonetics, dialectal varia-

tion
1. Introduction

Automatic Speech Recognition (ASR) systems
demonstrate significantly higher error rates for
speakers from marginalized communities. Koe-
necke et al. (2020) found that commercial ASR
systems exhibit average word error rates of 35%
for African American speakers compared to 19%
for Caucasian American speakers across five ma-
jor commercial systems. This disparity represents
a critical fairness issue as speech technologies
become increasingly ubiquitous in everyday appli-
cations, from virtual assistants to automated closed
captioning, medical dictation, and educational tech-
nology (Cunningham et al., 2024).

While these disparities are well-documented
across multiple studies (Tatman, 2017; Tatman and
Kasten, 2017; Martin and Wright, 2023), the under-
lying linguistic mechanisms remain underexplored.
Wassink et al. (2022) provided crucial evidence
that phonetic rather than lexical or syntactic factors
drive these differences, showing that ASR systems
exhibit higher error rates for African American En-
glish even when lexical content is controlled. This
finding suggests that acoustic modeling, rather than
language modeling, is the primary source of bias
— a hypothesis further supported by subsequent
investigations (Chang et al., 2024; Johnson et al.,
2024).

Recent work has begun to address these dispar-
ities through various approaches. Dorn (2019) ex-
plored dialect-specific models and targeted training
strategies, while others like Zhang et al. (2023);
Wang et al. (2024); Li et al. (2024) have inves-

tigated how large-scale multilingual models and
self-supervised learning systems handle dialectal
variation. Studies using diverse corpora such as
AfriSpeech-200 have demonstrated the potential
to improve ASR performance across African ac-
cents through better data representation (Olatunji
et al., 2023). However, these studies often focus
on model architectures or training strategies rather
than systematically identifying which specific pho-
netic features of the underrepresented dialect con-
tribute to transcription errors. Understanding these
linguistic mechanisms is essential for developing
effective mitigation strategies.

This paper contributes a systematic evaluation
methodology for measuring ASR bias using the Pa-
cific Northwest English (PNWE) corpus (Wassink,
2007), focusing on eleven sociophonetic variables
that exhibit variation across the ethnic communities
represented in the corpus. We evaluate four major
commercial ASR systems and demonstrate that
specific phonetic features, particularly resistance
to the low-back merger and variation in pre-nasal
/ee/ patterns, are disproportionately associated with
transcription errors for African American speak-
ers. Our approach extends existing ASR evaluation
frameworks by incorporating detailed sociolinguis-
tic analysis, providing both traditional word error
rates and a novel heuristically-determined phonetic
error rate that links errors to specific phonological
features documented in the sociolinguistic litera-
ture (Thomas, 2007; Green, 2002). By identifying
the specific phonetic characteristics to evaluate cur-
rent ASR systems, this work provides actionable
guidance for improving system performance and
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emphasizes the PNWE corpus as a valuable re-
source for bias evaluation in speech technologies.

2. Related Work

2.1. Racial Disparities in Commercial
ASR Systems

The work of Koenecke et al. (2020) demonstrated
substantial racial disparities in commercial ASR
systems, finding almost double average word er-
ror rates for African American speakers compared
to Caucasian American speakers across five ma-
jor systems. Tatman (2017); Tatman and Kasten
(2017) further confirmed these disparities across di-
verse datasets and speech contexts. These errors
have real-world impacts, with users often feeling
“othered” by technology that fails to recognize their
speech (Cunningham et al., 2024). However, most
prior work had focused on documenting dispari-
ties rather than identifying specific linguistic mech-
anisms driving differential performance.

2.2. Linguistic Factors in ASR
Performance Disparities

Wassink et al. (2022) provided crucial evidence that
phonetic rather than lexical or syntactic factors drive
performance differences for African American En-
glish speakers, showing that ASR systems exhibit
higher error rates for African American speech even
when lexical content is controlled. This finding clar-
ifies that the disparity arises primarily from acoustic
modeling rather than from language modeling, as
text-based models are not the focus of this compar-
ison. Taken together with the findings of Koenecke
et al. (2020), this implicates acoustic modeling as
the primary source of bias. Sociolinguistic research
has extensively documented systematic phonetic
variation in AAL (Thomas, 2007; Green, 2002), in-
cluding variable low-back merger, pre-nasal /ee/
raising, /ay/ monophthongization, and consonant
reduction — features that create mismatches with
models trained on Mainstream American English.

Recent investigations of newer architectures re-
veal persistent challenges. Chang et al. (2024)
showed that self-supervised speech representa-
tions continue to struggle with AAL, while Li et al.
(2024) highlighted confounding factors like audio
quality in performance assessments. Despite ad-
vances in large-scale multilingual systems (Zhang
et al., 2023) and dialect-specific models (Dorn,
2019), few studies systematically connect specific
sociophonetic variables to ASR errors. Our work
addresses this gap through the quantitative anal-
ysis of eleven phonetic features across multiple
commercial systems.

2.3. Resources for ASR Bias Evaluation

Evaluating ASR fairness requires corpora with
demographically diverse speakers and controlled
recording conditions. The Corpus of Regional
African American Language (Kendall and Farring-
ton, 2018) provides extensive AAL recordings, al-
though the audio quality varies. Mozilla Common
Voice (Ardila et al., 2020) includes demographic
metadata and has recently begun adding sponta-
neous speech, though the release used here pri-
marily contains read prompts that may miss natural-
istic variation. The Speech Accent Archive (Wein-
berger, 2013) focuses on L2 English, while the Artie
Bias Corpus (Meyer et al., 2020) has limited sam-
ple sizes. AfriSpeech-200 (Olatunji et al., 2023)
offers 200 hours across 120 African accents but
targets clinical domains rather than sociolinguistic
variation.

The Pacific Northwest English corpus (Wassink,
2007) offers distinct advantages: balanced sam-
pling across five ethnic groups within one region,
sociolinguistic interviews eliciting multiple speech
styles, consistent high-quality recordings, detailed
sociophonetic annotation, and sufficient sample
sizes for statistical analysis. Our work validates
PNWE for bias evaluation while demonstrating
how to connect performance disparities to spe-
cific linguistic features, advancing sociolinguistic
approaches to fair speech technology (Johnson
et al., 2024; Martin and Wright, 2023).

3. Data

3.1. The Pacific Northwest English
Corpus

The Pacific Northwest English (PNWE) corpus
(Wassink, 2007) was designed to document re-
gional and ethnic variation in the Pacific Northwest
of the United States, encompassing linguistic and
social diversity across co-regional communities in
Washington State. All speakers provided informed
consent and were compensated for their participa-
tion.

The PNWE corpus includes multiple tasks de-
signed to elicit different speech styles, including:

» Word List (WL) task: controlled production of
lexical items embedded in the carrier phrase
“write ___ today,” targeting specific phonetic
contrasts;

» Lexical Game (LEX) task: semi-controlled
elicitation with variable speech rate and style;

+ Conversational Speech (CS) task: open-
ended sociolinguistic interviews.

The complete corpus comprises recordings from
112 speakers across five ethnic groups: African
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American, Caucasian American, Asian American,
ChicanX, and Yakama. All speakers were long-
term residents of the Pacific Northwest, native En-
glish speakers, and self-identified members of their
respective ethnic communities. The corpus in-
cludes 73 female and 39 male speakers, with ages
ranging from 20 to 93 years. Table 1 presents the
detailed demographic composition of the corpus.
While the corpus includes balanced representation
across ethnic groups for some communities, sam-
ple sizes vary, with Caucasian American speakers
comprising the majority (n=68) and smaller sam-
ples from other groups, particularly African Ameri-
can speakers (n=5). This distribution reflects both
the regional demographics of the Pacific Northwest
and the challenges of recruiting participants from
smaller ethnic communities in the region.

Each recording was transcribed using CLOx
Wassink et al. (2020), a wrapper based on Mi-
crosoft’'s ASR system (Microsoft, 2022), with all
transcripts subsequently hand-checked and man-
ually segmented by trained linguists in Praat
TextGrids (Boersma, 2007). The final annotations
include orthographic and broad phonetic transcrip-
tions. A custom extension of the CMU Pronounc-
ing Dictionary (Carnegie Mellon University, 2015),
termed PNWEdict, was created for the PNWE data
to handle regionally distinctive variants. Metadata
for each speaker include age, gender, ethnic iden-
tity, and speech task.

Ethnicity Spkrs F M Age

African Am. 5 3 2 35-72
Caucasian Am. 68 46 22 20-93
Asian Am. 19 10 9 20-93
ChicanX 12 10 2 27-52
Yakama 8 4 4 31-59
Total 112 73 39 20-93

Table 1: Demographic composition of the PNWE
corpus.

3.2. Experiment Dataset

For our experiments, only the WL task was used
due to its consistent lexical content and ease of
phonetic alignment. Although the full PNWE cor-
pus includes five ethnic groups, the Asian Amer-
ican subsample was excluded from this analysis
because their error rates were nearly identical to
those of Caucasian American speakers across all
systems, offering minimal contrast for investigating
bias; incorporating this group is planned for future
work. The evaluation subset used in this study
therefore includes recordings from 16 speakers
across four ethnic groups: African American (AA,
n = 3), Caucasian American (CA, n = 4), ChicanX
(CX, n = 4), and Yakama (YA, n = 5). The unequal

group sizes reflect the availability of speakers with
complete word list TextGrid annotations at the time
of the study. Speaker ages ranged from 27 to 75
years old (mean = 53). Each speaker produced ap-
proximately 750 word list utterances embedded in
carrier phrases; the AA and CA speakers read one
elicitation set, while CX and YA speakers read a
different set targeting partially overlapping phonetic
contrasts. Although the groups are not perfectly
balanced, holding regional origin and recording con-
ditions constant supports controlled comparison
across ethnic groups.

Ethnicity Spkrs F M  Age

African Am. 3 2 1 35-72
Caucasian Am. 4 3 1 73-75
ChicanX 4 2 2 27-51
Yakama 5 2 3 55-59
Total 16 9 7 27-75

Table 2: Demographic composition of the PNWE
evaluation subset in this study.

4. Methodology
41,

To provide a sociolinguistically informed evaluation
of the speech models, eleven sociophonetic vari-
ables known to exhibit variation across ethnic and
regional varieties of American English (Wassink
et al., 2022) were targeted, listed in Table 3. These
variables include features documented in African
American Language (AAL), Chicano English, and
Indigenous varieties, as well as features character-
istic of Pacific Northwest regional dialects. These
were used to test whether specific features co-occur
with transcription errors across ASR systems.

In our test data, each sociolinguistic variable
was annotated for contextual occurrence (pres-
ence/absence) and measured acoustically where
applicable. The annotated TextGrids were then
used to cross-reference ASR transcription errors,
enabling correlation of linguistic variables with sys-
tem performance.

Sociophonetic Variables

4.2. ASR Systems Evaluated

We evaluated four major commercial ASR systems
that represent the current state-of-the-art in speech
recognition technology and are widely deployed
in consumer and enterprise applications: Ama-
zon Transcribe (Amazon, 2022), Google Cloud
Speech-to-Text (Google, 2022), Apple Speech (Ap-
ple, 2022), and IBM Watson Speech to Text (IBM,
2022).

We used default configuration settings with US
English language models and no custom vocabu-
lary or adaptation to evaluate the systems as they
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Feature Code Description Realization Example
Low-back merger resistance -20 /a/—/o/ distinction Often maintained cot—caught
Pre-nasal merger IN /1/—/¢/ merger before nasals Frequent pin—pen
/a1/ monophthongization AY /a1/ glide reduction [a:] before voiced coda time — [taim]
R-deletion R Post-vocalic /r/ weakening [as], [v] outcomes car — [kao]
/8/, /3/ stopping TH-s Dental fricative — stop [d], [t] substitutions this — [dis]
/8/, /8/ fronting TH-£ Dental fricative — labiodental [f], [v] substitutions with — [wif]
Consonant cluster reduction cc Final cluster simplification Frequent test — [tes]
Word-final devoicing Dv Voiced obstruent — voiceless Stylistically variable had — [heet]
Word-final debuccalization Db /t/, /d/ — [?] or Variable realization side — [sar?]
Pre-lateral back merger prel-o /u/-/u/, /a/—/o/ before /1/ Variable fool—full
Pre-lateral front merger prel-i /1/—/i/ merger before /1/ Variable feelfill

Table 3: The eleven sociophonetic variables annotated in the PNWE corpus.

would perform for typical users without specialized
tuning.

It is important to note that commercial ASR sys-
tems are continuously updated, and performance
characteristics may change over time. The results
presented here reflect system performance at the
time of evaluation in 2022 and should be interpreted
as a snapshot of these systems’ capabilities rather
than permanent characterizations. However, the
patterns of phonetic errors identified may remain
relevant for understanding ongoing challenges in
ASR performance across dialects.

4.3. Data Preparation

Approximately 4 hours of speech from the WL task
were used in the primary analysis. Speech seg-
ments were exported as 16 kHz WAV files. The
analysis excluded the LEX and CS tasks because
they lacked consistent time-aligned phonetic an-
notation at the time of the study. However, we ex-
pect that extending the same methods to CS data
(around 9 additional hours) would likely yield richer
results, given the higher frequency of sociophonetic
features in conversational speech.

4.4. Metrics

4.4.1. Word Error Rate (WER)

Word Error Rate (WER) is the standard metric for
ASR evaluation, calculated as the edit distance
between the hypothesis transcription and the ref-
erence transcription, normalized by the number of
words in the reference:

S+D+1

WER = N (1)

where S is the number of substitutions, D is the

number of deletions, I is the number of insertions,

and N is the total number of words in the reference
transcription.

We computed WER using the nist sclite

toolkit (NIST, 2021), which performs optimal string

alignment between hypothesis and reference tran-
scriptions. The alignment process accounts for mi-
nor variations in word boundaries and punctuation
while identifying genuine recognition errors.

WER provides an aggregate measure of tran-
scription accuracy but does not distinguish between
different types of errors or identify the linguistic
sources of errors. To address this limitation, we
complement WER analysis with an additional pho-
netic error rate metric.

4.4.2. Phonetic Error Rate (PER)

To investigate whether phonetic variation con-
tributes to transcription errors, we developed an
heuristically-determined Phonetic Error Rate (PER)
metric. This metric compares the phonetic realiza-
tion of what speakers actually said (from broad pho-
netic transcriptions in the given TextGrids) against
the canonical phonetic representation of what the
ASR system hypothesized (derived from PNWE-
dict).

The PER calculation involves the following steps:

Step 1: Extract Reference Phonetic Transcrip-
tions

We extracted phonetic transcriptions from the
Praat TextGrids provided in the PNWE corpus,
which were manually created by trained linguists
during corpus annotation. These transcriptions cap-
ture the actual phonetic realizations produced by
speakers, including dialectal variations.

Step 2: Generate Hypothesis Phonetic Tran-
scriptions

For each word in the ASR system’s orthographic
hypothesis, we looked up its canonical pronunci-
ation in PNWEdict, a regionally adapted version
of CMUdict providing ARPABET-encoded phone-
mic representations. Words not found in PNWEdict
were generated using standard phonological rules
for English inflections (e.g., possessives, plurals,
gerunds).

To illustrate the alignment process, Table 4
presents three tokens from the PNWE corpus show-
ing how the reference and hypothesis tiers were
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matched at both the orthographic and phonetic
levels. Manual phonetic transcriptions were ex-
tracted from the TextGrids, while heuristic phonetic
hypotheses were generated by mapping the ASR
output through PNWEdict. The alignment output
identifies edits at the phone level which form the
basis of the error rate calculation.

Step 3: Compute Phone-Level Edit Distance

We used sclite to align the reference phonetic
transcriptions with the heuristically-determined hy-
pothesis phonetic transcriptions at the phone level,
calculating:

Sphone + Dphone + Iphone

PER =
Nphone

(2)

where Sphones Dphone, @and Ipnone are phone-level
substitutions, deletions, and insertions, and Npnone
is the total number of phones in the reference tran-
scription.

This heuristic PER metric has important limita-
tions: it assumes the ASR system’s word choice
reflects phonetic confusions when in reality the
mapping from acoustics to orthography in modern
systems is opaque. Nevertheless, systematic dif-
ferences in PER across demographic groups can
indicate where phonetic variation may be contribut-
ing to recognition failures.

4.5. Statistical Analysis

We report descriptive statistics for WER and PER
by system and ethnicity, with standard errors com-
puted across speakers. To test for significant dif-
ferences across ethnic groups while accounting for
repeated measures (multiple systems evaluated
on the same speakers), we fit linear mixed-effects
models with speaker as a random intercept.

For marker-specific analyses, we compare error
Co-occurrence rates across ethnic groups using pro-
portion tests. All statistical tests are two-sided with
p < 0.05 considered significant. Given the number
of comparisons across eleven markers and four
systems, we do not apply a multiple comparisons
correction; results near the threshold should be
treated as exploratory findings motivating further
investigation rather than conclusive evidence.

4.6. Error Analysis

Beyond aggregate metrics, we conducted quali-
tative analysis of error patterns through manual
examination of transcription outputs. We randomly
sampled errors that co-occurred with targeted so-
ciophonetic markers and categorized them by error
type (substitution, deletion, insertion) and apparent
phonetic motivation. We examined spectrograms
and listened to audio for a subset of 200 errors to
validate that the hypothesized phonetic features
were indeed present in the acoustic signal. This

manual validation found that approximately 85% of
errors classified as phonetically-motivated showed
acoustic evidence consistent with the targeted fea-
ture. The remaining 15% represent misclassifi-
cations that introduce additional uncertainty into
co-occurrence counts; accordingly, single-digit co-
occurrence values in Table 7 should be interpreted
with caution and treated as exploratory rather than
confirmatory.

5. Results

5.1.

Table 5 presents word error rates across the four
ASR systems for each ethnic group in the PNWE
corpus. Consistent with prior work (Koenecke et al.,
2020), we observe significant performance dispari-
ties across ethnic groups, with African American,
ChicanX, and Yakama speakers all experiencing
higher error rates than Caucasian American speak-
ers across most systems.

African American speakers experienced mean
WER of 20% compared to 15% for Caucasian
American speakers (33% relative increase). Mixed-
effects models with speaker as random effect con-
firmed these differences were highly significant
(p < 0.001). ChicanX speakers showed the highest
mean error rate at 23%, while Yakama speakers
experienced a mean WER of 21%, higher than
Caucasian American but with less consistent pat-
terns than African American disparities. Notably,
while Caucasian American speakers consistently
achieved the lowest error rates across all systems,
the other three ethnic groups all experienced el-
evated error rates, though with different patterns
of which systems performed worst for each group.
Crucially, these performance gaps remained con-
sistent across systems, indicating systematic rather
than system-specific biases.

Overall Performance Disparities

5.2. Phonetic vs. Orthographic Error
Rates

Computing PER with PNWEdict yielded uniformly
lower error rates than standard WER, with mean
reductions of 42% for Apple, 48% for Amazon, 47%
for Google, and 54% for IBM across all speak-
ers. This difference reflects the change in eval-
uation granularity rather than an actual decrease
in recognition mistakes: because PER operates at
the phonetic level, it assigns partial credit to near-
misses (e.g., “into da” vs.“in today”) and removes
word-boundary penalties. The consistently lower
PER nevertheless indicates that many apparent
word errors are phonetically systematic rather than
random lexical failures, supporting the hypothesis
that acoustic modeling mismatches underlie perfor-
mance disparities.
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Word Ref. (IPA) ASR Output PNWEdict (ARPABET) Phone Alignment

Note

caught [kort] cot KAAT
pen [pm] pin PIHN
test [test] tess TEHS

KIK, AO—AA (S), T|T Low-back merger (-20)
P|P, IH—EH (S), N|N Pre-nasal merger (IN)
T[T, EH|EH, S|S, T— 0 (D) Cluster reduction (cc)

Table 4: Example alignment between manual phonetic transcriptions (reference) and heuristic phonetic

hypotheses (ASR output via PNWEdict).

System  AA CA CX YA

Apple 24% 14% 24% 24%
Amazon 9% 7% 13% 12%
Google 26% 16% 21% 23%
IBM 21% 21% 35% 23%
Mean 20% 15% 23% 21%

Table 5: Word Error Rates by ethnicity and system.
AA=African American, CA=Caucasian American,
CX=ChicanX, YA=Yakama.

Using PNWEdict rather than CMUdict for canon-
ical pronunciations further reduced PER by 2—-3%
on average, demonstrating the value of region-
specific pronunciation dictionaries. The PNWE-
augmented dictionary better captures maintained
vowel distinctions and regional variants, reducing
false positives in phonetic error attribution.

5.3. Sociophonetic Feature Associations

Although eleven sociophonetic variables were tar-
geted (Table 3), only three— (-20), (ccC), and
(IN) —were realized frequently enough to analyze
in context with transcription errors. A fourth marker,
word-final debuccalization (Db), was realized by
only two speakers (one Caucasian American and
one Yakama), each with a single instance and no
error co-occurrence. The remaining seven markers
were not realized by any speaker in the word list
data, likely because the controlled word list task
elicits more careful speech than conversational con-
texts where these features are more common.

Table 6 summarizes the realization of the three
analyzable markers across ethnic groups. African
American speakers realized (IN) at5.33 instances
per speaker compared to 3.5 for Caucasian Amer-
ican, 3 for ChicanX, and 3 for Yakama speak-
ers. Similarly, African American speakers real-
ized (-20) more frequently (4.33 instances per
speaker) than Caucasian American (4.0) and Chi-
canX (1.75) speakers, while Yakama speakers
showed no (-20) realizations. Consonant cluster
reduction (cc) showed more balanced distribution,
with African American speakers at 8 instances per
speaker versus 8.75 for Caucasian American, 5.25
for ChicanX, and 5.6 for Yakama.

Table 7 presents raw counts of errors co-
occurring with targeted sociophonetic markers
across systems and ethnic groups. Two vowel-

Ethnicity Spkrs -2A0 CC IN

African Am. 3 433 8.00 5.33
Caucasian Am. 4 400 875 350
ChicanX 4 1.75 5.25 3.00
Yakama 5 0.00 5.60 3.00

Table 6: Mean instances per speaker of realized
targeted markers by ethnicity.

driven patterns emerge consistently. First, (-20)
(low-back merger resistance) shows higher error
overlap for African American speakers than Cau-
casian American speakers across most systems
(Apple: 6 vs. 5; Google: 5 vs. 1; IBM: 6 vs. 3). Chi-
canX speakers also show elevated (-20) overlap
(5—7 across systems) while Yakama speakers show
zero overlap, consistent with complete merger in
that group.

Second, (IN) (pre-nasal /1/—/¢/ merger) over-
laps more frequently with errors for African Ameri-
can speakers (4 instances for Apple and Google,
2 for Amazon and IBM) than Caucasian American
speakers (1 instance each for Apple and Google, 0
for Amazon, 3 for IBM). ChicanX speakers showed
no (IN) error overlap, while Yakama speakers
showed 2 instances across all systems.

Consonant cluster reduction (cc) shows ele-
vated overlap for Yakama speakers (7-9 instances
across systems) while remaining more evenly dis-
tributed across other groups (1-5 instances). This
suggests consonantal variation contributes to er-
rors but less differentially by ethnicity than vowel
features.

When normalized by the number of possible con-
texts where each marker could occur, these pat-
terns persist. African American speakers showed
(-20) error rates of 5.8% (Apple), 2.1% (Amazon),
5.2% (Google), and 7.9% (IBM) compared to Cau-
casian American rates of 5.2%, 0%, 1.1%, 3.2%,
and 2.2% respectively. For (IN), African Ameri-
can normalized error rates were 2.8%, 2.1%, 2.3%,
1.6%, and 2.4% compared to Caucasian American
rates of 1.0%, 0%, 0.7%, 3.1%, and 2.3%.

These realization differences, combined with the
error overlaps, indicate that vowel quality variation,
particularly resistance to low-back merger and pre-
nasal merger patterns, drives disproportionate tran-
scription failures for speakers who maintain these
distinctions, most notably African American speak-
ers in our corpus.
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Apple

Amazon

Google IBM

Group -A0 CC IN Emr -AO CC IN

Err -n0 CC IN

Err -pn0 CcC IN Err

AA 6 3 41854 1 0 2 681 5 2 42075 6 1 2 1695
CA 5 4 11218 0 1 0 593 1 5 11340 3 2 3 1800
CX 5 4 02533 6 0 0 1361 6 0 02267 5 6 0 3889
YA 0 8 227563 0 9 21419 0 7 22623 0 7 2 2735

Table 7: Error overlap with targeted markers by system and ethnicity. —a0=low-back merger resistance,
cc=consonant cluster reduction, IN=pre-nasal merger. Err=total error count

5.4. System-Specific Patterns

The ASR systems evaluated differ in sensitivity to
targeted variables. Amazon exhibits the lowest
overall PER and shows smallest error increases
in (-20) and (IN) contexts for African American
speakers. Apple shows competitive PER with rela-
tively balanced treatment across features. Google’s
error distribution is more uneven, with pronounced
sensitivity to (-20) contexts. IBM systems show
the highest sensitivity to vowel quality variation, es-
pecially in pre-nasal contexts.

These differences point to distinct training distri-
butions and accent coverage, with diverse vowel
realizations from speech varieties remaining under-
represented across all systems despite architec-
tural differences.

5.5. Example Error Patterns

Manual inspection of 200 randomly sampled er-
rors revealed systematic patterns consistent with
targeted phonetic features:

Low-back merger: Words with maintained /o/
were consistently transcribed with /a/ spellings:
caught — "cot" (6 instances across African Amer-
ican speakers, 5-7 across ChicanX speakers),
taught — "tot", thought — "that".

Pre-nasal merger: Words with /1/ before nasals
showed substitution or deletion: when — "and" (3
instances), pin — "pen" (2 instances).

Cluster reduction: Final clusters misrecognized
as simpler forms: next — "neck" (4 instances
across systems), test — "tess" (2 instances).

Approximately 85% of errors classified as
phonetically-motivated showed acoustic patterns
consistent with the hypothesized feature when ex-
amined spectrogrammatically, validating the PER
methodology.

6. Discussion

6.1. Phonetic Variation as Primary Driver
of ASR Bias

Our results provide suggestive evidence consistent
with phonetic rather than just lexical or syntactic
variation contributing to ASR performance dispar-
ities across ethnic groups, particularly for African

American speakers, as hypothesized by Wassink
et al. (2022). The systematic correlation between
specific phonetic features (particularly low-back
merger resistance and pre-nasal merger patterns)
and transcription errors demonstrates that current
ASR systems struggle with systematic phonetic vari-
ation documented across multiple ethnic varieties
of American English (Thomas, 2007; Green, 2002).

The phonetic features most strongly associated
with errors involve vowel quality differences, which
acoustic models rely on heavily for phoneme dis-
crimination. When training data predominantly rep-
resents merged low-back systems, acoustic mod-
els learn probability distributions that inadequately
cover the acoustic space of unmerged varieties.
Speakers maintaining the /a/—/o/ distinction pro-
duce these vowels with distinct F1 and F2 formant
patterns that fall outside the learned distributions
of merged-dialect models, leading to systematic
misrecognition.

The consistency of these patterns across all four
evaluated commercial systems suggests system-
atic underrepresentation of diverse dialectal pho-
netic features in training data rather than system-
specific architectural limitations. This finding aligns
with recent work showing that even self-supervised
models struggle with non-mainstream dialects in-
cluding AAL (Chang et al., 2024), indicating that
scale alone does not resolve representational gaps.

6.2. Implications for ASR System

Development

Our findings have direct implications for developing
more equitable ASR systems. Rather than simply
increasing data volume, developers should priori-
tize sociolinguistic diversity in training corpora. The
identification of specific problematic features, such
as low-back merger resistance and pre-nasal pat-
terns, provides actionable targets for data collection
efforts. Training sets should include sufficient ex-
amples of each phonetic variant to enable robust
acoustic modeling across the full range of system-
atic variation.

Beyond data collection, architectural innovations
could explicitly model phonetic variation. Multi-
dialect acoustic models could maintain separate
probability distributions for different phonetic re-

4793



alizations rather than treating variation as noise.
Recent work on phoneme-based contextualization
(Hu et al., 2019) and dialect-specific models (Dorn,
2019) demonstrates promising directions, though
our results suggest that commercial systems have
not yet incorporated such approaches effectively.

6.3. Methodological Contributions

This study introduces a linguistically grounded eval-
uation framework that links ASR performance to
actual phonetic realization. The proposed Pho-
netic Error Rate (PER) moves beyond aggregate
accuracy metrics by aligning ASR hypotheses with
manual phonetic transcriptions, enabling interpreta-
tion of errors in relation to sociophonetic variables
rather than abstract symbol mismatches. This ap-
proach reframes ASR evaluation as an analysis
of how models represent and generalize across
systematic sound variation, rather than how closely
they reproduce orthographic sequences.

By incorporating a region-specific pronunciation
dictionary, the method operationalizes sociopho-
netic knowledge such as vowel mergers, cluster
reduction, and regional variants, into quantitative
evaluation. Instead of treating dialectal variation
as noise, the framework makes it measurable, al-
lowing identification of errors that reflect genuine
acoustic divergence across speech communities.

6.4. PNWE Corpus as an Evaluation
Resource

This study validates the PNWE corpus as a valu-
able resource for ASR bias evaluation. Compared
to other available corpora, the PNWE corpus is
characterized by demographic diversity, regional
representation, consistent recording quality, and
rich linguistic annotation. While CORAAL (Kendall
and Farrington, 2018) provides extensive AAL data,
it lacks comparable samples from other ethnic
groups and has variable audio quality. Common
Voice (Ardila et al., 2020) includes demographic
metadata but uses read speech that may not cap-
ture naturalistic phonetic variation. The PNWE cor-
pus’ word list task data subset also provides useful
controlled data for evaluation.

6.5. Limitations and Future Directions

Several limitations should be acknowledged. First,
our sample size of 16 speakers limits statistical
power for intersectional analyses examining inter-
actions between ethnicity, gender, and age; the
unequal group sizes (3 AA, 4 CA, 4 CX, 5 YA) fur-
ther constrain group-level comparisons. Second,
the focus on the word list task, while enabling con-
trolled comparison, may underestimate errors in
spontaneous speech where sociophonetic features

are more frequent and variable. Extension to the
conversational speech portions of PNWE would
also provide a more comprehensive assessment.
Third, the manual validation of PER relied on a
single annotator inspecting spectrograms; future
work should establish inter-annotator agreement
and confidence intervals for the 85% validation
rate. Fourth, our evaluation was restricted to four
commercial systems using default US English mod-
els; comparison with open-source systems such
as Whisper or dialect-adapted models would clarify
whether the same sociophonetic error patterns per-
sist in systems designed to handle greater phonetic
diversity.

The regional specificity of PNWE also limits gen-
eralizability to other English varieties. For exam-
ple, regional variation in AAL is well-documented
(Wolfram, 1969; Thomas, 2007), and the features
most salient in the Pacific Northwest may differ
from those in other regions. Replication of the ex-
periments using corpora from other regions would
complement and strengthen our conclusions about
systematic ASR bias.

7. Conclusion

This study provides evidence that systematic pho-
netic variation contributes to performance dispar-
ities in commercial ASR systems across multiple
ethnic groups. Through controlled evaluation using
the Pacific Northwest English corpus, we identified
specific phonetic features, particularly resistance to
the low-back merger and pre-nasal merger patterns,
that consistently correlate with transcription errors
across ethnic groups, with the most pronounced
effects observed for African American speakers
across four major commercial systems. The sub-
stantial reduction in error rates when using phonetic
versus orthographic evaluation (42-54% across
systems) confirms that acoustic modeling, rather
than language modeling, is the primary locus of
bias.

Our heuristically-determined Phonetic Error Rate
metric provides a practical framework for connect-
ing ASR errors to specific sociophonetic features,
enabling more targeted evaluation than aggregate
word error rates alone. The 85% validation rate
through acoustic analysis demonstrates that this
approach successfully identifies systematic pho-
netic patterns underlying recognition failures. This
methodology can be extended to other dialects and
languages where detailed phonetic annotation is
available.

The consistency of bias patterns across all eval-
uated systems—despite differences in architecture
and training approaches—points to systematic un-
derrepresentation of diverse phonetic features in
training data rather than system-specific limitations.
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This finding has direct implications for ASR devel-
opment: improving performance for marginalized
speech communities requires not just more data,
but strategically diverse data that adequately repre-
sents the full range of systematic phonetic variation
documented in sociolinguistic research.

The PNWE corpus, with its balanced sampling
across ethnic groups, controlled recording condi-
tions, and detailed sociophonetic annotation, pro-
vides a valuable resource for continued bias evalua-
tion in speech technologies. Future work should ex-
tend this analysis to conversational speech data, ex-
amine additional sociophonetic features, and repli-
cate these methods with corpora representing other
regional varieties and marginalized dialects. Only
through systematic documentation of which pho-
netic features drive ASR failures can we develop ef-
fective strategies for building truly equitable speech
recognition systems.
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