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Abstract

Many studies have shown automatic speech processing (ASR) systems have unequal performance across speaker
groups (SG’s). However, the manner in which such studies arrive at this conclusion is inconsistent. To pave the
way for more reliable results in future studies, we lay out best practices for benchmarking ASR fairness based on
literature from machine learning fairness, social sciences, and speech science. We then perform a case study on
the Fair-speech benchmark, applying aforementioned best practices, and discuss how failing to do so can result in
erroneous conclusions. On the whole, we advocate for as fine-grained an analysis as possible, taking into account as
many variables as are available, in order to eschew dataset-level bias.
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1. Introduction

In recent years, automatic speech recognition
(ASR) software has grown increasingly performant
(Nayeem et al., 2025), which has led to a comple-
mentary increase in prevalence of ASR use among
diverse populations (Yang et al., 2024; Wald et al.,
2024; Dino et al., 2025). It is therefore increasingly
imperative to ensure that existing ASR systems
perform equally regardless of the identity of the
speaker. There is ample research demonstrating
that certain speaker groups (SG’s), such as chil-
dren and non-native speakers, are treated worse
than others by ASR systems. However, the method-
ology for identifying such SG bias in ASR systems is
inconsistent across studies and sometimes marred
by lack of precise analysis of the multifaceted iden-
tities of individual speakers.

Indeed, applying fairness benchmarks without
sufficient oversight can lead researchers to stumble
into erroneous conclusions which are incongruous
with real world biases, a common blunder in fair-
ness research (Selbst et al., 2019). This paper
discusses the importance of defining SG-level fair-
ness as intentionally and precisely as possible to
avoid such blunders. We start by diagnosing our
observed lack of consistency across ASR fairness
benchmarking studies, and suggest this is due in
part to a lack of clarity about how SG-level fairness
should be defined and measured. We then list sev-
eral best practices to avoid accidentally measuring
bias stemming from fairness corpora rather than

F contributed towards formulating framework of
speaker group intersectionality and multivariate SG’s.
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real-world bias. We formally define fairness in ASR,
as motivated by broader fairness literature in ma-
chine learning (ML). Finally, we perform a case
study on a common fairness corpus, Fair-speech,
and apply many of the best practices to our anal-
ysis. We highlight some pitfalls that could entrap
unaware users of the corpus. We finish by suggest-
ing how future work, particularly in dataset creation,
can help facilitate fairness benchmarking in ASR.

2. Motivation

This study is motivated by a lack of consistency
both within single and among studies examining
fairness in SOTA ASR systems. We were puzzled
to find that some studies report that women experi-
ence significantly worse treatment (Hutiri and Ding,
2022; Garnerin et al., 2021; Tatman and Kasten,
2017; ElGhazaly et al., 2025), significantly better
treatment (Veliche et al., 2024; Feng et al., 2024,
2021; Abushariah and Sawalha, 2013), or both,
depending on subgroup studied (Attanasio et al.,
2024; Tatman, 2017; Kulkarni et al., 2024). Like-
wise, while most studies find that non-native speak-
ers are less well understood by ASR systems (Ghor-
bani and Hansen, 2018; Zhang et al., 2022; Sekkat
et al., 2024), some find the opposite (Veliche et al.,
2024). Studies seem to all agree that children re-
ceive worse performance by ASR systems; how-
ever, whether older adults are better understood
than younger varies broadly by publication (Aman
et al., 2013; Feng et al., 2021; Kulkarni et al., 2024;
Sekkat et al., 2024).

It is possible that this effect is due in some part to

Proceedings of SPEAKABLE @ LREC 2026, pages 66—78

11 May 2026. ©

LRA Language Resources Association (ELRA), 2026



the different ASR models being evaluated by each
of these studies. Fixing a dataset and two SG’s
g1,92 (e.g. native vs non-native speakers), some
studies find that different ASR models perform bet-
ter on g1 while others on g5 (Attanasio et al., 2024).
However, most studies in the literature find that
different ASR systems tend to be biased against
the same SG’s (Feng et al., 2024, 2021; Fuckner
et al., 2023). If we assume that all ASR systems
reflect the same SG-level biases, we would hope
that all studies into ASR fairness would arrive at
similar conclusions. That they don't is therefore
likely due to methodological variance which allows
researchers analyzing the same data to arrive at
different conclusions.

3. Best practices in reducing
transmission of dataset bias

It is important to remember that any conclusions
reached by fairness studies are estimates of real life
bias, influenced by data on which the experiments
were performed. With this in mind, researchers
should try and limit dataset-level bias as much as
possible so that their estimates are as close as
possible to a real world simulation. In this section,
we will highlight several key notions to attenuate
filtration of biases due to dataset construction into
fairness results. For each, we cite examples from
the literature. It is important to note that these best
practices remain general - we see them as akin
to tools in a belt, whereby the user still must know
how to use each in the manner most beneficial to
their use case. The subsequent section describes
a case study on how these tools can be put to use
- however, each setting is different.

3.1. Ensure equal distribution of

recording quality

Background noise (and recording quality in gen-
eral) have been shown to impact ASR performance
(Rodrigues et al., 2019). It is possible that some
SG’s will have different levels of background noise,
thus potentially biasing results of a fairness study.
Some benchmarks circumvent this by recording all
of their inputs in the same conditions (Sekkat et al.,
2024; Veliche et al., 2024), though benchmarks
compiled from diverse sources cannot (Meyer et al.,
2020). That said, it can be useful to have vari-
ably noisy recordings in the dataset, as real life
ASR often occurs in noisy environments using old
recording equipment. Furthermore, some SG’s
are more likely experience such potential impedi-
ments to ASR transcription, such as the "low" socio-
economic status SG in the Fair-speech dataset
(Veliche et al., 2024).
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3.2. Verify text complexity

If different SG’s use different vocabulary/grammar
(i.e. text) in the real world, it is important that these
attributes be taken into account during bias testing.
A corpus where all speakers speak comparable
texts cannot be considered to faithfully estimate
bias if this is not the case in the real world; likewise,
if a certain SG in a corpus is comprised of record-
ings of complex texts, while another SG speaks
easy texts, this likewise has the potential to engen-
der unfaithful bias estimations. On the other hand,
if one is trying to capture merely the bias due to
acoustic features of a speaker’s voice, then control-
ling for text (complexity) is beneficial. Once again,
this is a decision that researchers must consider
intentionally in the context of their individual study.
For example, Koenecke et al. (2020) proposes
calculating each text’s perplexity to assess whether
each SG speaks similarly complex sentences.
They also measure the "dialect density" of text to
determine the extent to which it contains grammar
typical of African American Vernacular English.

3.3. Understand intra-SG speaker
diversity

When we measure ASR performance w.r.t. a SG,
it is tempting to treat SG labels as precise, im-
mutable defining characteristics of speakers. How-
ever, speakers within a given SG can be diverse.
It is therefore essential to understand how each
SG defined, what it means to belong to multiple
SG’s at once, and SG’s are balanced throughout
the dataset.
3.3.1 Intersectionality Traditionally, fairness
in ML has focused on comparing between out-
comes for single groups from the same demo-
graphic variables (DV’s), such as between different
races or sexes (Bellamy et al., 2018; Friedler et al.,
2018). However, recently the application of inter-
sectionality in ML fairness research has gained
traction as a technique to more precisely gauge
bias (Foulds et al., 2019; Wang et al., 2022). These
studies argue that measuring fairness w.r.t. a sin-
gle DV in isolation is insufficient; to best understand
fairness, one must look at as fine-grained SG’s as
possible, comprised of as many DV’s as possible.
Intersectionality has its roots in the social sci-
ences where Crenshaw (1989) defines it as discrim-
ination faced by members of multiple marginalized
classes at the intersection of several groups, for
example Black. Wang et al. (2022) emphasizes
that treating heterogeneous groups as a monolith
(e.g. all people from Pacific islands) can hide un-
fair treatment experienced by subgroups thereof
(e.g. specific islands). Foulds et al. (2019) em-
phasizes the importance of prioritizing protected
classes which are underrepresented in fairness



benchmarks, as their discrimination can be more
easily ignored than a large underprivileged group.

Several existing benchmarks for fairness in ASR
already consider the intersectionality of SG’s (with-
out necessarily using that exact term) for both afore-
mentioned motivations. For example, Feng et al.
(2021) and Feng et al. (2024) examine the WER
gap between Dutch spoken in Flanders vs in the
Netherlands, intersecting with regional dialects,
native-ness of speakers, age, and speech format
(read vs. human-machine interaction). One finding
is that the gender-based WER gap is least signif-
icant among children, while the age-based WER
gap is most significant for women, as well as that
the regional gap is strongest among children and
teens, and weakest among older adults. This is
a crucial insight that would be ignored if the au-
thors had only compared between genders, ages,
or regions.

3.3.2 Conditional statistical parity The met-
rics used to measure fairness in ASR correspond to
statistical parity as introduced by Verma and Ru-
bin (2018) in their landmark fairness taxonomy pa-
per. A more rigorous version of this is conditional
statistical parity, which requires that all secondary
attributes about the setting be the same, such as
background noise or text complexity. Furthermore,
we can condition on/take into account secondary
DV’s in our calculations. This is important both
in order to uncover intersectional biases, as well
as to equilibrate potential unbalance in other DV’s.
Failure to do this might end up spuriously measur-
ing the random side-effects of subgroup imbalance
captured during dataset construction.

As a toy example, let us imagine we are measur-
ing the fairness of performance of an ASR system
on men vs women, on some benchmark B. By
chance, 1 in 20 men in B suffer from Parkinson’s
disease (diminishing their ASR comprehensibility
(Moro-Velazquez et al., 2019)), but only 1 in 100
women in B suffer from Parkinson’s. If we are either
unaware of this, or ignore it, then we might conclude
that men experience worse ASR performance than
women; however, our observation would at least in
part be due to the confounding influence of a higher
prevalence of Parkinson’s in the male population,
rather than due to their masculinity.

Koenecke et al. (2020) responsibly attempt to
avoid contamination of their race DV by either age
and gender by retaining the same proportion of
both gender and age groups for both White and
Black speakers. However, they don’t consider the
intersection of age and gender, an oversight of in-
tersectionality. They then delve into the geography
of both racial groups where, crucially, they find that
race is not sufficient to explain the WER gap; Black
Americans from Rochester had comparable WER
to White Americans.
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Sekkat et al. (2024) control for the confounding
effects of other DV’s, noting that this causes some
univariate effects w.r.t. age and gender to vanish.
Likewise, Tatman (2017) finds a greater difference
in by-gender performance in certain dialect groups.

On the other hand, Veliche et al. (2024) finds that
men have twice as high a WER as women, which
they explain by citing previous work showing men
tend to have worse ASR performance. However,
while they note that the men in their dataset are
far more likely to be African-American than their
women, they don’t perform an intersectional anal-
ysis to interrogate what is likely at least partially
responsible for that effect.

Another example of failure to take SG diversity

into account is the "Asian" dialect category in the
Sonos dataset (Sekkat et al., 2024), which is com-
prised of speakers from Southern as well as East-
ern Asian countries. The authors acknowledge
the extraordinary diversity of this category and the
incumbent challenges this causes in interpreting
results based on it.
3.3.3 Beware (un)known confounding factors
In the previous examples, researchers were able
(or failed) to avoid jumping to conclusions more
reflective of biases in their dataset than biases in
their ASR systems. Or they were able to uncover in-
tersectional bias specific to multidimensional SG'’s.
However, these effects can only be explicitly con-
trolled when potentially confounding metadata are
available in the dataset. For example, the Sonos
dataset has ethnicity tags for only a small portion
of its speakers, where they show it to have a sta-
tistically significant relationship with ASR error rate
(Sekkat et al., 2024). However, they cannot control
for equal ethnicity distribution over the rest of the
dataset, and therefore cannot control this bias.

Indeed, there may be many other confounding
variables related to speaker identity which are not
included in the dataset. It is by definition impossible
to directly control for these; however, authors could
estimate the extent to which their datasets are free
from such effects by using phonetic priors. For ex-
ample, studies have shown that human’s voices
don’t change very much during middle age (Rojas
et al., 2020). The reliability of fairness experiments
can therefore be benchmarked by performance vari-
ance across middle-aged age groups: if there is
significant performance difference between any two
middle-aged SG'’s, that is an indication of method-
ological error, likely due to lack of balancing (Sekkat
et al., 2024; Veliche et al., 2024).

3.4. Define SG-level performance based
on speaker-level performance

When measuring SG-level bias, it is imperative to
calculate error for each SG as a function of error for



each speaker adhering to said SG. This is based on
two observations: first, utterances from the same
speaker are not independent, and thus we cannot
perform a statistical test that assumes indepen-
dence of samples. Second, this avoids bias due to
imbalance in representation for each speaker. For
example, if speaking time is not equally distributed
across speakers in SG (e.g. Dy contains many
more utterances/words for some speaker S; than
another speaker Ss), then calculating SG-level error
as a function utterances will engender bias towards
Speaker S1, and will not be a faithful representation
of the SG overall.

Not all studies adhere to this principle, however.

Sekkat et al. (2024) explicitly argues for the sim-
plicity of measuring fairness based on individual
utterances. Furthermore, Feng et al. (2021) and
Feng et al. (2024) base some of their conclusions
on a small numbers of speakers (see i.e. Table 1
in Feng et al. (2024)). They claim statistical sig-
nificance, likely based on the number of overall
samples or hours of recorded speech, rather than
the diversity of speakers per SG.
3.4.1 The challenge of speaker paucity If
we define SG-level performance as a function of
individual speakers, the statistical significance of
our results will depend on the number of speakers
in each SG. This leads us to a set of contradictory
incentives: the more precisely we define SG’s as
the intersections of multiple DV’s (as encouraged
in the previous section), the more precise are our
conclusions into SG-level fairness. However, the
more precisely we define SG’s as the intersections
of multiple DV’s, the fewer speakers will be included
in each class, thus reducing the significance of tests
we perform on them. This is logical: if a SG con-
tains too few speakers, we risk measuring bias due
to the unique nature of those several individuals,
rather than due to the SG they belong to.

We can derive the number n of speakers per
SG necessary for statistical (with confidence o and
power ) significance in, for example, a one-sided
two-sample Z-test (e.g. comparing the mean error
of two SG’s given fixed population variance) with
test-statistic Z:

6
Z =
o\/2/n

Z>Za+Zﬁ —

52
02%(2/n)
(20 +25)% 02
52

> (Za +Zﬁ)2

= n>2x%

(1)

where § is the difference in estimated WER for two
SG’s, o the variance between speakers, and z, g
the quantiles defined by the significance and power
respectively. For example, given typical values of
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95% confidence with 0.8 power, taking 4 = 0.1 and
o =0.15 (reasonable estimates based on our anal-
yses in Section 5), we would need n ~ 35 speakers
per SG. This could be a serious hindrance for cor-
pora with few speakers, and/or multivariate SG’s
defined by many DV’s.

This bound cannot be shrunk simply by increas-
ing the number of utterances per speaker. 5:=0+e,
where ¢ > 0 varies inversely to the number of words
for each speaker - the more words available per
speaker, the smaller ¢ and thus the less noisy &,
which results in smaller n. However, 6 can never be
lower than o, which means that an increase in the
number of words per speaker has a limited effect
on improving our measured error bounds.

3.5.

Just because metadata are available in a corpus
doesn’t mean they are useful in fairness analysis!
3.5.1 Too few speakers per SG In this case,
we will be unable to draw statistically significant
conclusions based on performance over this SG.
Therefore, it could make sense to create an "other"
category which groups semantically unusual SG’s
together. The upside of such aggregation is that it
allows "other" to be represented by sufficient speak-
ers so as to be statistically significant, whereas
as initially constituted, those SG’s would be sta-
tistically meaningless. The downside is that this
marginalizes the individual identities of those under-
represented SG’s, which Wang et al. (2022) warns
against. However, we are limited by the data avail-
able, and there is interpretable value in creating a
class to compare with the mode SG’s.

3.5.2 Superfluous level of precision in meta-
data We stand to gain nothing by measuring
fairness w.r.t subgroups defined by attributes likely
independent of ASR fairness, for example different
middle-age subgroups (Rojas et al., 2020; Hustad
et al., 2021). Instead, this can lead to two harms:
1) we risk accidentally creating SG’s which are
unbalanced w.r.t. other underlying SG’s, thereby
potentially corrupting our analysis. 2) it reduces
the number of speakers in each multivariate SG,
thereby lowering the statistical significance of re-
sults. Thus, we might consider aggregating all
middle-aged speakers into the same SG.

(Sometimes,) aggregate SG’s

3.6. Outlier speaker removal

A final source of bias potentially contaminating our
SG-level fairness results are outlier speakers. If we
want to want to measure the general behavior of a
certain SG, which potentially contains few speak-
ers (due to dataset constraints), and one of the
speakers is understood much worse than the rest,
that is potentially due to some individual speaker-
level characteristics which are not relevant to our



analysis. It can therefore make sense to exclude
extrema values from SG-level mean calculation, for
example. This is less of a problem for datasets with
very high numbers of speakers; however, that is
unfortunately rarely the case in practice.

4. Quantifying fairness in ASR

We describe the two metrics most often used in the
literature to quantify bias in ASR systems.

4.1.

Most studies into SG-level ASR fairness measure
the relative error rate for each SG. For a dataset
D, they calculate the word error rate (WER) for
each utterance, a measurement of the number of
substitutions, deletions, and insertions necessary
to correct the automatic transcription by an ASR
model M over some D’ < D. Some studies then
calculate the average WER for each SG as the
average WER for all utterances DY, < D":

Relative SG-level error/WER gap

WER avg.” (D¢) ==
1
[{ue Dgll

M*(Dsg) = (2)

> WER(u; M)

’
u€Dg

However, as mentioned in Section 3.4, Metric 2
falls immediately into a hazard of imprecise mea-
surement by failing to first average by speaker. A
more prudent approach is:

WER avg.(Djg) := M(Dsg) := (3)
WER (u;
{SGSG}\SZS:GHUED |UZD: (u; M)

Then, one can measure bias against a particular
SG SG; in terms of the relative performance be-
tween SG; and some the rest of the subset D’ < D
(typically, studies use D’ = D) (Veliche et al., 2024;
Feng et al., 2024):

M(Dsq)—M(D')
M(D')

Err,.o;(SG; D', M) := 100 x (4)

Some studies also calculate the unfairness w.r.t.
a DV as the difference between the best and worst
relative error for two constituent SG’s, often de-
noted the WER gap (ElGhazaly et al., 2025; Attana-

sio et al., 2024; Kim et al., 2025):

Unfairness := WER gap(DV; D', M) :=

/
Séneax {Err.;(SG; D', M)}
M)}

— min {Er,..(SG.;:D' .M
SGjeDV{ ml( Jr

()
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Then, one can perform a statistical test, such as
a 1-sample (or 2-sample, if comparing between
pairs of SG’s rather than with respect to the dataset
on average) t-test, to determine whether the rela-
tive error and unfairness are statistically significant
for SG’s and DV'’s respectively. An ASR model is
deemed fair w.r.t. a SG if it delivers statistically neg-
ligible relative error, and fair w.r.t. a DV if it delivers
a statistically negligible WER gap.

4.1.1 Isolated effect of single DV’s As men-
tioned in Section 2, we recognize that individual
SG'’s potentially contain heterogeneous subgroups.
Thus we seek to isolate the effect of individual DV’s
on ASR performance. Forany DVie[DV!,...DV¥]
(e.g. gender), one of many DV’s included in meta-
data, we define a subset D/ .. < D by fixing a
SGpy, for every other DV; e [DVY,...DVF]\{DV;}
(e.g. only children, only non-native speakers, only
African Americans, etc.):

;ond,i = m DSGDVJ‘ (6)

Je[1..kI\{s}

and calculate Ert,;(SG; D, ;.M ) for all SGe DV
as well as WER gap(DV’; Dy,,.,,;,M). We can
then aggregate mean performances for each per-
mutation of other the other DV7 and perform a
statistical test, such as 1-sample t-test, to deter-
mine, w.r.t. a SG e DV, whether the means of the
relative error rates were statistically significantly
different from zero, or w.r.t. DV overall, whether
the unfairness levels were statistically significantly
greater than zero.

4.1.2 Worst treated multivariate SG’s We
define multivariate SG’s as the intersection of ev-
ery DV available in the dataset. For example, if
the dataset is annotated with gender, age, and na-
tive language, an multivariate SG might be "female
children who speak native English". For each mul-
tivariate SG, we calculate the relative error w.r.t.
the dataset overall (Eq. 4); then observe which
multivariate SG'’s, if any, have the lowest/highest
relative performance. This will uncover SG’s whose
marginalization is compounded by their intersec-
tionality, as proposed by Wang et al. (2022).

5. Case study on Fair-speech

Unfortunately, many of the most prominent corpora
for evaluating ASR systems do not permit bias eval-
uation due to a lack of sufficient recorded demo-
graphic metadata (Ma et al., 2024; Panayotov et al.,
2015; Linguistic Data Consortium, 2013) or unre-
liable labeling thereof (Ardila et al., 2020; Wang
et al., 2024). However, there are several corpora
specifically designed for bias/fairness evaluation of
ASR systems whose multitudinous metadata cat-
egories permit finer-grained ASR evaluation. We



proceed to analyze the Fair-speech corpus (Veliche
et al., 2024) and discuss how to implement some
of the best practices from the previous section.
We replicate each experiment using three dif-
ferent near-SOTA ASR models: Whisper-medium
(Whisper), wav2vec2-large-960h-lv60 (Wav2vec
2.0), and wav2vec2-large-xIsr-53-english (XLS-R-
En). Whisper was trained end-to-end for ASR on
680k hours of YouTube transcripts (Radford et al.,
2022); wav2vec 2.0 was pretrained on 60k hours
of LibriLight (Baevski et al., 2020); XL.S-R-En was
pretrained on a multilingual corpus comprising 53
languages (Babu et al., 2021). wav2vec 2.0 was
finetuned on 960h of LibriSpeech (Panayotov et al.,
2015); x1.s-R-En finetuned on the English split of
CommonVoice (Ardila et al., 2020). We can thus
test whether our results are specific to one architec-
ture/training set, or general across ASR systems.

5.1.

The Fair-speech Dataset (Fair-speech) comprises
593 speakers over 56 hours (Veliche et al., 2024).
Fair-speech is comprised of recordings of paid
speakers speaking (not reading) smart speaker
commands. Speakers self-report metadata includ-
ing: gender, age, ethnicity, first language, and so-
cioeconomic background. See Fig. 1.
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Fig. 1: Overall distribution of demographic labels in
the Fair-speech corpus. Note that most speakers
are native English speakers, with a small (illegible)
minority of Spanish native speakers.

Fair-Speech represents many first languages;
however, given a limited number of speakers per
language, that might limit the statistical significance
of results pertaining to speakers of sparsely rep-
resented languages. Furthermore, the number of
age categories is likewise too precise - we likely
stand to gain little by differentiating between dif-
ferent classes of middle-aged adults. Fair-speech
lacks children and old adults, the two age-related
SG’s with phonetic motivation for divergent ASR
error rates (Hustad et al., 2021; Rojas et al., 2020).
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Fig. 3: Variance of WER for each ASR model,

averaged by speaker.

5.2. Filtering out outlier speakers and
utterances

First, we consider filtering out outlier speakers and
utterances based on WER for each ASR model.
Figure 3 shows the variance of WER for each uni-
variate SG and model. Note that some speakers
have an average WER of over 1 - this is likely due
to speaker-specific anomalies and not an accurate
reflection of the ASR system overall. We proceed
by filtering out all speakers (and utterances per
speaker) with a z-score of > 3 in each analysis that
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Fig. 5: Fair-speech when measuring relative WER
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once. Values < 0 indicate below average WER, i.e.
above average performance. * denotes statistically
significantly greater/less than 0 according to a 1-
sample t-test - * implies p <0.05, ** implies p <0.01,
*** implies p < 0.001.
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Fig. 6: Fair-speech when measuring relative WER
gap between intersectional SG’s differing only on
one specific DV. Each datapoint is a statistically sig-
nificant difference between SG’s differing by only
one DV. Values < 0 indicate below average WER
(above average performance). * denotes statis-
tically significantly greater/less than 0 in the ag-
gregate according to a 1-sample t-test. * implies
p <0.05, ** implies p < 0.01, *** implies p < 0.001.

we conduct.

5.3. Recording quality and text
complexity

Figure 2 shows the average text complexity for ev-
ery speaker, measured by number of words in the
transcript that are not standard English (we use
NLTK English dictionary (Loper and Bird, 2002)).
Overall, there is little variance, particularly among
SG’s with high representation; that said, the most
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Fig. 7: Overall WER for Fair-speech when condi-
tioning on first language and ethnicity. * implies
denotes significantly higher WER on a one-sided,
two-sample two-sample t-test (* implies p < 0.05, **
implies p < 0.01, *** implies p < 0.001).

disadvantaged SG'’s, as we will see in later analy-
ses, are not necessarily those with the lowest ratio
of standard vocabulary.

Figure 4 shows the signal-to-noise ratio of each
utterance, broken down by SG. Note that most
recordings have are 10 dB (a reasonable threshold
for ASR performance (Bouchakour and Debyeche,
2022)). For our experiments, we will remove all
recordings at < 10dB.

5.4. Calculating relative WER for each SG

We begin our case study by analyzing the results
from Fair-speech. First, in Figure 5, we present
relative error rate as the dataset was constructed,
without conditioning or manipulation. We measure
statistically significant performance discrepancies
w.r.t. each of the five DV’s recorded in Fair-speech.
Our results correspond to what was initially pub-
lished in (Veliche et al., 2024). Several odd results
stand out, which raise some red flags about our
experimental setup:

1. 31-45 year-old’s have higher WER than all
other age groups. This is likely evidence of
poor subgroup balancing, as there is no logical
reason for different age groups of middle-aged
adults to have variant performance.

. Men have vastly higher WER than women.
Veliche et al. (2024) attempt to explain the
gender discrepancy by citing previous work
showing men tend to have worse ASR perfor-
mance; however, 100% worse is much higher
than peer studies (Sekkat et al., 2024; EIGhaz-
aly et al., 2025; Attanasio et al., 2024).

. Most first languages have statistically insignifi-
cant relative WER. This is due to those SG'’s
not being represented by enough speakers in
Fair-speech.

. Native English speakers have negligibly higher
worse-than-average WER, while several non-
native speakers have statistically significantly
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Fig. 8: Relative error of intersectional SG’s in Fair-speech with least, greatest WER (conditional on

sufficient speakers w.r.t. Eq. 1).

better-than-average WER. This stands in con-
trast to most peer studies (Feng et al., 2024;
Fuckner et al., 2023; Sekkat et al., 2024; Ghor-
bani and Hansen, 2018). This is potentially
an artifact of disregarding intersectionality of
multivariate SG’s.

5.4.1 Analysis of multivariate SG’s can help
Issue 1 is a warning that our "age" DV is probably
improperly balanced w.r.t. other DV’s. We reiter-
ate that there is no good reason to analyze sepa-
rate age groups of middle-aged adults; however,
to investigate the hypothesis of imbalance in other
DV'’s, we propose comparing only multivariate SG’s
where all DV’s are the same except for age (see
Section 5.4). Figure 6 shows that in doing so, the di-
vergent performance w.r.t. age vanishes. That said,
we note that the distribution for each class contains
many outliers - this effect would likely diminish if
we raised our threshold for number of speakers
per multivariate SG. On the whole, this experiment
supports our balancing hypothesis and supports
the technique of multivariate comparison to avoid
DV imbalance.

Issue 2 is similar to issue 1, and is similarly al-
leviated when considering only multivariate SG’s
differing only by gender (see Figure 6). As before,
we note that the variance for both men and women
is rather high - for some multivariate SG’s, women
have much higher WER than men, and vice versa.
This further motivates in-depth analysis of individual
multivariate SG’s to uncover potential intersectional
SG’s with compounded ASR error.

We note that the ethnicity DV is the only one to
deliver statistically significantly different results - for
Black and White speakers. Based on this experi-
ment, we conclude that being Black is associated
with inferior ASR performance across every per-
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mutation of other DV’s, while the opposite is true
for being White. This is a stronger conclusion than
what we were able to draw from Fig. 5.

5.4.2 Conditioning on all DV’s is no silver bul-
let Conditioning on all DV’s allowed us to draw
strong conclusions about Black and White speak-
ers; furthermore, we can reasonably rule out gen-
der, age, or socio-economic background having
broad impacts on ASR performance. However,
we cannot draw statistically significant conclusions
about many first languages (issue 3) even after ag-
gregating uncommon languages into "other", due to
persistent lack of representation across multivariate
SG’s. Thus, equipped with our conclusions about
insignificance of gender, age, and socio-economic
background, we propose removing conditions on
those three DV’s, considering only difference in
first language and ethnicity. Furthermore, for first
languages which we retained after aggregation,
we note that apart from English, there is one pri-
mary ethnic group that covers nearly all speakers of
that language (all native Mandarin speakers are of
"Asian" ethnicity, almost all native Spanish speak-
ers are "Hispanic", etc). Thus, we move to condition
on ethnicity only for native English speakers.

Figure 7 allows us to get a better sense of bias
against multivariate SG’s defined by first language
and ethnicity. We find once again that Black native
English speakers are less well understood than ev-
ery other class in every model. One added insight is
that not all native English speakers are treated the
same - White speakers are the best native English
speakers understood by every model, though not
statistically significantly so for all ethnicities. This
provides a clearer picture than the previous experi-
ment which showed that White speakers were sta-
tistically always better understood than the mean.



It also provides insight into issue 4, that non-native
speakers are often better understood than native
English speakers. When we condition on ethnicity,
we find that it is only Black native English speakers
that are worse understood, and that there is little
statistical consensus regarding the relationship be-
tween being a native speaker and ASR error.

5.4.3 Intersectional multivariate SG’s with
compounded ASR error Finally, we can ana-
lyze the intersectional SG’s which have the least
and greatest WER, which we show in Figure 8. One
surprising finding is that the worst performing group
overall for whisper is a Native Hawaiian group,
which overall experienced much better treatment
than Black speakers (Figure 7). One downside
of this analysis, however, is that given the large
difference in performance in extrema groups from
the mean, fewer speakers are necessary to draw
statistically significant conclusions based on SG
(e.g. Eqg. 1). Thus, such fine-grained analysis has
heightened risk of drawing erroneous conclusions.

6. Discussion and outlook

The primary takeaway from this work is an exhor-
tation to future studies on fairness in ASR to be
as fastidious as possible designing their experi-
ments. We underscore the importance of an inti-
mate understanding of the datasets on which one
is evaluating before designing experiments, tailor-
ing experiments to that data, and being transparent
about limitations that can be drawn therefrom.

We also encourage authors to clearly delineate
the questions which they seek to answer. On the
one hand, we can estimate how individual DV’s af-
fect performance of ASR systems, like in RQ 2 - this
is primarily useful for understanding ASR systems
from a computational level and could help steer
future work towards disaffected SG'’s in particular.
On the other hand, we can estimate which SG’s de-
fined by the intersection of multiple DV’s are treated
the absolute best and worst by ASR systems. This
gives us greater sociological insight into the ramifi-
cations of unfair ASR - if a speaker belongs to such
a class, they risk acute discrimination.

Furthermore, we encourage humility on behalf
of researchers into ASR fairness in the face of sta-
tistical uncertainty. As we describe in this study,
current fairness benchmarks suffer from lack of
speaker diversity. Using overly broad SG’s reduces
the narrative power of their analysis, while using
overly precise SG'’s silos speakers into groups with-
out enough speakers, rendering conclusions sta-
tistically insignificant. With these two goalposts
in mind, given the constraints of current ASR fair-
ness benchmarks, the conclusions we can draw
from this type analysis remains limited. Indeed
reporting a result as statistically insignificant or so-
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ciologically broad isn’t a problem (as long as this
is duly noted); rather, it is a reflection of the reality
of limitations of current corpora. This leads to the
obvious recommendation to collect more data with
high-quality annotations. However, this is both ex-
pensive and ethically fraught - Meyer et al. (2020)
explicitly avoids children, while some countries for-
bid the analysis of ethnic minorities (fre, 1978).

It is important to note that the DV’s included in
the three benchmarks which we studied are them-
selves sources of potential bias. Had the bench-
mark designers decided to record different meta-
data, our results would reflect that, both in our ability
to observe both the SG’s which trigger unfairness,
as well as the intersectional SG’s which maximize
unfairness. Future work in defining ASR fairness
datasets should be in consultation with sociologists
and phoneticians to determine which DV’s, and
SG’s therein, are a) important in the larger context
of social discrimination and b) likely to contribute
to disparate ASR performance.

We encourage future study into linguistic or
phonological mechanisms which are the actually
underlying causal drivers of SG-level unfairness,
beyond SG labels. Future work might eschew some
of the pitfalls of relying on unbalanced and het-
erogeneous SG’s advertised in this study by fo-
cusing on more rigorously defined measurements,
such as dialect density measure (Koenecke et al.,
2020) or speed of speech (Meng et al., 2022). Alter-
natively, unsupervised feature discovery has also
been shown to uncover proxies for disadvantaged
SG’s in ASR without having to explicitly label them
(Dheram et al., 2022; Alonzo-Canul et al., 2025). In
other areas of ML, where fairness depends on sen-
sitive attributes being evenly distributed in decision
functions, there is work in automatically selecting
attributes to include in fairness analysis (Pelegrina
et al., 2023). This approach takes SG intersection-
ality into account by testing which combinations of
attributes are related to an outcome variable.

One potential avenue for more precise fairness
analysis is in conditional synthetic voice genera-
tion, such as (Sadok et al., 2025). This allows for
two utterances from two different speakers to be
exactly the same, apart from some parameters that
are meant to mimic particularly DV’s. For example,
Masson and Carson-berndsen (2023) show that
artificial generation simulates the patterns of non-
native speakers well in ASR systems. This would
address one major shortcoming of any current ASR
fairness study, which is unable to truly isolate indi-
vidual speaker characteristics while selecting from
a small population of speakers.



7. Ethics statement

Collecting recordings of minority groups, particu-
larly children, requires care to avoid revealing their
identities. Fair-speech avoids children altogether.
Furthermore, our work is meant to increase fairness
in ASR; however, by focusing on a small number
of datasets, we potentially overlook SG’s which
face ASR discrimination, thereby reinforcing it. In
this case we didn’t consider patients with adverse
health conditions, for example, a group which has
been studied extensively in ASR fairness research
and no less deserving of attention than those high-
lighted in our study (Moro-Veldzquez et al., 2019).
By avoiding analyzing SG'’s for which benchmarks
don’t provide enough data, we are reinforcing the
discrimination likely behind this unbalance in the
first place.
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A. Regression with constituent DV’s

Another technique which has been used in the lit-
erature to estimate the effect of individual DV’s on
ASR performance is fitting a regression to predict
ASR system’s error on each speaker based on their
constituent DV’s (Sekkat et al., 2024; Tatman, 2017;
DiChristofano et al., 2023). As in the previous case,
it is imperative to fit this regression based on mean
speaker performance rather than overall utterances
in order to avoid biasing it towards individual speak-
ers. The simplest form, regarding only univariate
models and assuming categorical SG’s, takes the
following form:

WERavg.(D):Z Z asc-ls=sa) (7)
DViSGeDVi

where we expand DV to include the everything-
SG (to simulate a bias term «). Sekkat et al. (2024)
then goes on to define a multivariate model, which
takes the intersection of SG’s into account:

WER avg.(D) =
DVJi DVkSG;eDVi SGreDV*
asGy,....5G  L(s=sG,,....5G,) (8)
which is the semantic equivalent of Section 5.4.
However, we consider relative SG-level WER to be

a more intuitive measure; therefore, we focus on
this for the remainder of the study.
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