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Abstract
Automatic speech recognition (ASR) systems often exhibit uneven performance across accents, raising concerns
about fairness and bias. This study investigates the impact of model fine-tuning strategies on ASR performance and
accent-related disparities. We conduct a controlled empirical evaluation of two adaptation approaches—single-step
and two-step fine-tuning—using pretrained Whisper (small) and Wav2Vec2-XLSR-53 models on African-accented
English speech from the AfriSpeech-200 dataset, covering Yoruba, Igbo, Swahili, and Hausa accents. Both fine-tuning
strategies substantially reduced mean word error rate (WER) for all models. However, these improvements did not
translate into consistent reductions in accent-related performance gaps. When analysed separately across general
and clinical subsets, WER gaps often increased due to uneven gains across accents. Although two-step fine-tuning
provided modest improvements over single-step adaptation, its impact on reducing disparities remained limited.
These findings indicate that fine-tuning primarily optimises performance without effectively addressing systematic
bias across speaker groups, even when models are specialised for individual accents. This highlights the limitations
of per-accent specialisation as a practical bias mitigation strategy.

Keywords: automatic speech recognition, accent disparities, fairness in AI; bias in speech recognition,
fine-tuning

1. Introduction

Automatic Speech Recognition (ASR) performance
has improved significantly in recent years, largely
driven by self-supervised acoustic models such as
Wav2Vec2 (Baevski et al., 2020; Conneau et al.,
2020) and large-scale multilingual transformer mod-
els such as Whisper (Radford et al., 2022). The
current level of ASR performance has led to its
widespread acceptance and deployment across
industries, accelerating the adoption of transcrip-
tion technologies in healthcare, customer service,
education, and other domains.

Despite strong performance on general English
speech, ASR systems remain sensitive to non-
native accents and domain-specific terminology, re-
sulting in persistent performance disparities across
speaker groups (Veliche et al., 2024; Liu et al.,
2021). These disparities raise important ethical
concerns related to fairness, equal access, and
equitable distribution of technological benefits.

Unequal ASR performance across accents can
result in systematically higher word error rates
(WER) for speakers of non-dominant language va-
rieties. Such discrepancies risk marginalising al-
ready underrepresented groups and may under-
mine trust in AI-driven systems. As ASR increas-
ingly replaces or supplements human transcription,
performance gaps can have tangible social and
professional implications. Therefore, addressing
accent-based disparities is not only a technical chal-
lenge but also a matter of linguistic equity. Reflect-

ing this growing concern, research on accent bias
in ASR continues to expand, with numerous studies
published each year (Prinos et al., 2024).

The contributions of this study are:

• Analysed accent-related model bias by com-
paring WER and WER gaps under single-step
and two-step fine-tuning strategies.

• Investigated whether additional fine-tuning and
accent-specific models mitigate performance
disparities across accent pairs.

• Provided a systematic comparison of how
Whisper and Wav2Vec2-XLSR-53 models ex-
hibit disparities across accents.

The remainder of this paper is organised as fol-
lows. Section 2 reviews related work. Section 3
presents the methodology, including the dataset,
evaluation metrics, models, and fine-tuning proce-
dures. Section 4 presents the experimental results.
Section 5 discusses the findings, and Section 6
concludes the paper.

2. Related work

Prior studies have proposed a range of strategies
for mitigating accent-related bias in ASR. These
can be broadly classified into accent-agnostic
and accent-specific approaches. Accent-agnostic
methods typically rely on large-scale training with
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adversarial bias mitigation to encourage accent-
invariant representations. In contrast, accent-
specific approaches incorporate explicit accent la-
bels or leverage architectures such as mixture-of-
experts (MoE), in which specialised submodules
handle specific accents (Bagat et al., 2025; Lee
et al., 2026). However, MoE-based solutions re-
quire accurate routing between experts, which can
be overly complex in scenarios with a limited num-
ber of accents and ASR system users.

In these constrained settings, simpler adaptation
strategies may prove to be more practical. Follow-
ing the ASR model adaptation presented in (Meyer
et al., 2020; Pillai et al., 2024), we explore a two-
step fine-tuning procedure to improve ASR perfor-
mance in accent-aware contexts without requiring
routing or explicit accent classification at inference
time. In this approach, the pretrained model is
first adapted to the entire dataset and then further
fine-tuned on each target accent individually. In
(Meyer et al., 2020), this strategy was applied with
the DeepSpeech model (Hannun et al., 2014), fine-
tuning first on the full Common Voice dataset and
then on each demographic group, yielding five mod-
els. The authors (Pillai et al., 2024) used a similar
two-step strategy to adapt Whisper from Tamil to
Malasar, leveraging the linguistic similarities be-
tween resource-rich and low-resource languages.

While recent work has primarily focused on im-
proving model performance for specific accents or
languages, this paper instead examined accent-
related bias and investigated whether fine-tuning
on accent-specific data can reduce WER dispari-
ties. In contrast to (Torgbi et al., 2025), which eval-
uated Whisper on spontaneous telephone speech
from native English speakers across two Scot-
tish accents, our work analysed both Whisper and
Wav2Vec2-XLSR-53 models on non-native English
speakers reading scripted text, providing a differ-
ent linguistic and acoustic setting. Furthermore,
we investigated whether additional fine-tuning on
a specific accent improves performance for that
accent while also reducing performance disparities
across accents. Although (Özyilmaz et al., 2025)
adopted a similar fine-tuning strategy, its primary fo-
cus remained on improving performance for Arabic
dialects rather than measuring bias across groups.
In addition to the original Afrispeech-200 paper
(Olatunji et al., 2023), which introduced the dataset
and evaluated several state-of-the-art models, in-
cluding Whisper and Wav2Vec2-XLSR-53, we ex-
tended this work by examining the impact of further
model fine-tuning on both performance and bias.
Specifically, we assessed overall model bias and
evaluated whether observed differences between
accents were statistically significant.

In this paper, we adopted a two-step fine-tuning
approach on the Afrispeech dataset, first fine-

tuning pretrained Whisper and Wav2Vec2-XSLR-
53 models on the full dataset, followed by accent-
specific fine-tuning. We compared this with single-
step fine-tuning on the full dataset to evaluate over-
all performance and accent disparities.

3. Methodology

3.1. Data
Our experiments were conducted on the Afrispeech-
200 dataset (Olatunji et al., 2023), which contains
audio recordings, transcripts, and accent labels
covering 120 African accents from 13 countries
and 2,463 unique speakers, covering both general
and clinical domains. The data were originally par-
titioned into training, development, and test splits
with no speaker overlap across the splits1. Its com-
position is summarised in Table 1, with the propor-
tion of clinical data indicated in brackets.

Table 1: Speaker counts and total duration (min-
utes) per accent across train, development, and
test splits. Clinical-domain data proportions are
indicated in brackets.

Accent Speakers Duration (min)
Train Dev Test Train Dev Test

Yoruba 454 57 172 2527 55 107
(51%) (53%) (47%) (62%) (53%) (36%)

Igbo 246 34 94 1457 35 55
(64%) (50%) (56%) (70%) (50%) (53%)

Swahili 46 12 61 805 47 80
(59%) (58%) (44%) (71%) (53%) (44%)

Hausa 176 19 53 1125 15 38
(80%) (74%) (74%) (85%) (66%) (78%)

Others 544 125 370 4459 371 841
(51%) (60%) (60%) (55%) (55%) (55%)

Total 1466 247 750 10373 523 1121
(57%) (58%) (56%) (63%) (54%) (56%)

For performance and bias analysis, we selected
the four most represented accents in the dataset:
Yoruba, Hausa, Swahili, and Igbo, which we refer
to as the target accents. Model fine-tuning was per-
formed using the training and development splits
of the dataset, whereas evaluation was conducted
on the test split of the target accents.

The duration of speech per speaker varied
across splits and accents. On average, speakers
in the training split contributed 7.1 min of audio,
compared to 2.1 and 1.5 min in the development
and test splits, respectively. For the target accents,
the average audio duration in the training split was
approximately 6 min per speaker; however, Swahili

1https://huggingface.co/datasets/intronhealth/afrispeech-
200
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exhibited substantially longer recordings, with an
average of 17.5 min per speaker. The data were
unevenly distributed across the general and clinical
domains, with Hausa exhibiting the highest propor-
tion of clinical audio recordings (~80%) and Yoruba
the lowest (36% in the test split).

All audio files were resampled from 44.1 kHz
to 16 kHz to be consistent with the model require-
ments. To ensure correct comparison across mod-
els, both reference transcripts and model predic-
tions were normalised using the Hugging Face
Whisper basic normaliser, followed by punctuation
removal.

3.2. Evaluation Metrics
The transcription accuracy in all experiments was
measured using the word error rate (WER) metric.

To estimate the overall model bias in the ASR
system, we used the relative WERgap metric, de-
fined as the difference between the maximum and
minimum WER across groups (e.g. accents), nor-
malised by the maximum WER:

WERgap =
WERmax − WERmin

WERmax
(1)

For pairwise disparity evaluation between ac-
cents, we employed the methodology proposed
by Liu et al. (2021) using the following test statistic:

θi,j =
WERi

WERj
− 1 (2)

where θi,j represents the bias between the two
groups, and WERi and WERj are the word error
rates for groups i and j, respectively. Statistical sig-
nificance was assessed using the bootstrap method
(Marriott et al., 1995; Bisani and Ney, 2004) with
95% percentile confidence intervals (CI). If the CI
[ln, un] does not include 0, the WER difference be-
tween the two groups is considered statistically
significant. The bootstrap method was also used to
estimate whether the difference in WER between
fine-tuning methods is statistically significant.

3.3. Models
The experiments were conducted using the pre-
trained Whisper small model with 244M param-
eters (Radford et al., 2022) and the Wav2Vec2-
XLSR-53 model with 317M parameters (Conneau
et al., 2020). Whisper is a transformer-based en-
coder–decoder architecture, commonly described
as a sequence-to-sequence model. It was trained
on approximately 680,000h of labelled speech data
annotated through large-scale weak supervision.
Wav2Vec2-XLSR-53 model builds on the Wav2Vec
2.0 architecture (Baevski et al., 2020) by extending
it to a cross-lingual setting. Wav2Vec2-XLSR-53 is

an encoder-only architecture that predicts output
tokens using connectionist temporal classification
(CTC) (Graves et al., 2006).

For this study, we used pretrained models avail-
able on Hugging Face: wav2vec2-large-xlsr-53-
english2 and whisper-small multilingual model 3.
Both models are end-to-end architectures and were
pretrained on multilingual data, which have been
shown to be beneficial for improving ASR perfor-
mance on accented speech (Vu et al., 2014).

3.4. Experimental method
We evaluated two ASR model adaptation ap-
proaches using Whisper (small) and Wav2Vec2-
XLSR-53: (i) single-step fine-tuning on the full
dataset and (ii) a two-step fine-tuning consisting of
accent adaptation on the entire dataset followed
by accent-specific fine-tuning yielding specialised
models for each accent (Figure1). The two-step
approach separates general accent adaptation and
accent-specific specialisation. This allows the
model to better capture acoustic and linguistic char-
acteristics of each accent and may help reduce
performance disparities across accents.

Pretrained 
model

Fine-tuned model
on a full dataset

(Step 1)

Fine-tuned model
on specific accent 

(eg. Yoruba)

Fine-tuned model
on specific accent 

(eg. Swahili)
Step 2

Step 1

Figure 1: Two-step fine-tuning

For each architecture, we fine-tuned a pretrained
baseline model on the entire dataset to implement
the single-step approach, selecting the best model
based on the lowest word error rate (WER). This
approach yields a single model specialised for all
accents in the dataset. For the two-step approach,
we first fine-tuned the model on the entire dataset,
selecting the best checkpoint based on minimum
validation loss. In the second step, we continued
the adaptation separately for each target accent, se-
lecting the best accent-specific model using WER
as the evaluation criterion. This strategy results in
one specialised model per accent.

Whisper models were trained for 10 epochs using
a linear learning rate scheduler with a 0.025 warm-
up ratio, weight decay of 0.03 and effective batch
size of 32 for both adaptation strategies. The learn-
ing rate was set to 1e-5 for adaptation on the entire
dataset and reduced to 1e-7 for accent-specific fine-
tuning. Wav2Vec2-XLSR-53 models were trained
for 20 epochs with a linear scheduler and a 0.1

2https://huggingface.co/jonatasgrosman/wav2vec2-
large-xlsr-53-english

3https://huggingface.co/openai/whisper-small
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warm-up ratio for both strategies, a learning rate
of 1e-5 and effective batch size of 32. All models
were fine-tuned with the encoder unfrozen to al-
low maximal adaptation to the acoustic and linguis-
tic characteristics of each accent. Early stopping
was applied to terminate training once performance
plateaued, preventing overfitting. These hyperpa-
rameters were selected based on prior literature
(Olatunji et al., 2023; Baevski et al., 2020; Bagat
et al., 2025) and preliminary experiments, provid-
ing stable and reasonable performance within our
computational constraints.

4. Results

Table 2 reports WER results for the pretrained
baselines and their single-step (FT1) and two-step
fine-tuned (FT2) variants of Whisper (small) and
Wav2Vec2-XLSR-53 across four African accents:
Yoruba, Igbo, Swahili, and Hausa. We assess
whether additional fine-tuning and accent-specific
models reduce WER and cross-accent differences,
analysing (i) within-model WER changes and (ii)
pairwise variation across accents.

The pretrained Whisper (small) model achieved a
mean WER of 0.446 across the four target accents,
with an absolute WER gap of 0.420. Both fine-
tuning strategies led to substantial reductions in
mean WER, reaching 0.189 and 0.183 for FT1 and
FT2, respectively. Across all configurations, Swahili
consistently exhibited the lowest overall WER. In
contrast, the highest WER was observed for Hausa
in the clinical subset, while the lowest within Hausa
occurred in the general subset. The overall WER
gaps remained relatively stable across all model
variants (0.404–0.425). However, when analysed
separately by domain, the gaps increased after
fine-tuning. In the general subset, the gaps were
primarily driven by differences between Yoruba and
Hausa, whereas in the clinical subset they were
driven by Hausa and Swahili. Although fine-tuning
increased the WER gaps in both subsets compared
to the baseline, FT2 resulted in a lower gaps than
FT1. Overall, FT2 achieved both lower WER and
smaller WER gaps than FT1 across domains.

Wav2Vec2-XLSR-53 baseline model achieved a
mean WER of 0.631 across the target accents with
an absolute WER gap of 0.384. Both fine-tuning
strategies substantially reduced the mean WER,
to 0.270 (FT1) and 0.259 (FT2). Swahili consis-
tently exhibited the lowest WER across all model
variants, while Hausa showed the highest WER
overall, except in the general subset where its WER
was lower than that of Swahili. FT2 achieved lower
WER than FT1 across all accents and domains,
with statistically significant differences observed for
Yoruba and Swahili. The overall WER gaps ranged
from 0.318 to 0.384 and was primarily driven by

Table 2: WER comparison across accents (statisti-
cally significant difference between FT2 and FT1
within accents and models are in bold).

Accent Base FT1 FT2
Step 1 Step 2

Whisper (small)
Yoruba 0.523 0.226 0.231 0.223

general 0.496 0.229 0.235 0.221
clinical 0.562 0.221 0.226 0.227

Igbo 0.472 0.174 0.198 0.178
general 0.389 0.137 0.137 0.138
clinical 0.541 0.205 0.249 0.211

Swahili 0.303 0.141 0.133 0.132
general 0.289 0.138 0.132 0.131
clinical 0.323 0.147 0.134 0.135

Hausa 0.520 0.239 0.224 0.219
general 0.351 0.089 0.097 0.096
clinical 0.582 0.293 0.269 0.263

WER mean 0.446 0.189 0.191 0.183
general 0.399 0.169 0.169 0.164
clinical 0.496 0.212 0.216 0.205

WER gap 0.420 0.407 0.425 0.408
general 0.417 0.611 0.587 0.566
clinical 0.445 0.498 0.502 0.487

Wav2Vec2-XLSR-53
Yoruba 0.676 0.298 0.296 0.281

general 0.563 0.280 0.274 0.260
clinical 0.835 0.323 0.327 0.309

Igbo 0.640 0.260 0.250 0.256
general 0.535 0.215 0.209 0.212
clinical 0.728 0.298 0.285 0.293

Swahili 0.501 0.228 0.226 0.216
general 0.433 0.204 0.205 0.193
clinical 0.590 0.261 0.253 0.246

Hausa 0.813 0.335 0.333 0.331
general 0.426 0.175 0.183 0.181
clinical 0.954 0.392 0.386 0.385

WER mean 0.631 0.270 0.267 0.259
general 0.507 0.234 0.231 0.221
clinical 0.765 0.312 0.309 0.302

WER gap 0.384 0.318 0.321 0.346
general 0.243 0.375 0.332 0.304
clinical 0.382 0.334 0.345 0.361

differences between Hausa and Swahili. FT1 re-
duced the absolute WER gap by approximately
0.06 (from 0.384 to 0.318), whereas FT2 reduced
it to 0.346. This reduction was primarily driven by
improvements in the clinical domain, whereas the
gap increased in the general domain due to lower
WER for Hausa. Overall, FT2 achieved lower WER
across accents and a smaller WER gap in the gen-
eral subset.

The results indicate that fine-tuning primarily im-
proved overall recognition accuracy, but it exac-
erbated performance disparities due to uneven
gains across accents and data domains. Although
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Figure 2: Pairwise WER comparison of relative difference using test statistic θ (Eq. 2). The x-axis was
limited to [-1, 2] to enhonce results visibility, truncating the upper confidence intervals for the Yoruba-Hausa
pair, which reach 2.98 and 2.96 for FT1 and FT2, respectively.

Whisper achieved higher overall performance than
Wav2Vec2-XSLR-53, WER gaps remained larger
across all model configurations, and both fine-
tuning approaches even amplified these gaps in the
general and clinical data subsets. The performance
of Wav2Vec2-XSLR-53 is less varying across ac-
cents and data domains, which reflects on further
pairwise analysis.

Pairwise WER measurements between accents
using the test statistic θ (Eq.2) presented on Fig-
ure 2. For the Whisper model, bias patterns dif-
fered across domains. In the combined (general
+ clinical) setting, all pairs involving Swahili exhib-
ited statistically significant differences at the base-
line; these were reduced by both FT1 and FT2. In
the general domain subset, baseline differences
were observed for all pairs involving Yoruba, as well
as for Igbo–Swahili. Both fine-tuning approaches
resolved only the Igbo–Swahili difference, while
increasing gaps for pairs involving Hausa; this in-
crease was slightly smaller for FT2. In the clinical
domain, all three pairs involving Swahili showed
statistically significant differences at the baseline.
These were not resolved by either fine-tuning ap-
proach. FT1 increased gaps for all pairs involving
Hausa to statistically significant levels, while both
methods slightly reduced differences for pairs in-
volving Swahili. Overall, improvements in Swahili-
related disparities appear to come at the cost of
increased disparities for Hausa, highlighting a trade-

off in bias mitigation across accents.
For the Wav2Vec2-XLSR-53 model, bias pat-

terns also varied across domains. In the combined
(general + clinical) setting, four pairs showed signif-
icant differences at baseline, including three involv-
ing Swahili and the Igbo–Hausa pair. Both FT1 and
FT2 produced similar outcomes, primarily reducing
differences for pairs involving Swahili. In the gen-
eral domain, four pairs involving Swahili and Hausa
showed significant differences at baseline. FT1
resolved differences for pairs involving Igbo (with
Swahili and Hausa), but introduced a significant
difference for the Yoruba–Igbo pair. In contrast,
FT2 resolved two differences, both involving Igbo,
without introducing new effects; for most pairs, bias
gaps moved closer to zero. In the clinical domain,
three pairs showed significant differences at base-
line, including two involving Hausa (paired with Igbo
and Swahili) and one Yoruba–Swahili pair. Both
fine-tuning approaches slightly reduced bias gaps;
however, these differences remained for all three
pairs.

In conclusion, Whisper exhibited larger abso-
lute performance gaps between certain accents,
particularly involving Swahili, yet fewer statistically
significant pairwise disparities overall. In contrast,
Wav2Vec2-XLSR-53 demonstrated a smaller over-
all WER gaps and more consistently distributed dis-
parities across accent pairs. These results indicate
that Whisper’s bias is more concentrated around
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specific accent, whereas Wav2Vec2-XLSR-53 ex-
hibits more distributed differences across groups.

5. Discussion

This study investigates single-step (FT1) and two-
step (FT2) fine-tuning approaches, focusing on
their impact on reducing accent-related perfor-
mance disparities in ASR models. The results
show that for Whisper and Wav2Vec2-XSLR-53
models both fine-tuning approaches significantly
outperform baseline and FT2 demonstrated lower
WER in most cases. In contrast, WER gaps in-
creased after fine-tuning, though after FT2 they
were lower than after FT1. The main driver of
WER gaps was Swahili accent with the lowest
WER. Notably, this occurs despite Swahili having
the smallest number of speakers in the training
split. However, Swahili recordings contain substan-
tially longer speech segments per speaker (approx-
imately 17 min per speaker), whereas the other
accents average around 6 min per speaker. Hausa
is another accent with lowest WER for general sub-
set that drove high gaps in the general subset, but
this can be driven by the limited test subset con-
taining only 8 min of audio.

Whisper model achieved lower WER but exhib-
ited larger WER gaps compared to Wav2Vec2-
XLSR-53. Pairwise analysis highlights distinct
bias patterns between the models, likely arising
from differences in architecture and training data.
These findings suggest that Whisper’s sequence-to-
sequence architecture, together with its autoregres-
sive decoding, may contribute to accent-specific
biases. By contrast, Wav2Vec2’s cross-lingual pre-
training and CTC-based design appears to yield
more consistent performance across accents.

The study is constrained by the limited size and
uneven distribution of accent-specific data, particu-
larly for Hausa, where some subsets contained as
little as 8min of recordings compared to 17–68min
for other accents. This imbalance likely contributed
to amplified gaps in general domains after fine-
tuning which requires further investigation. Addi-
tionally, our analysis focused on only four African
accents and two ASR models; conclusions may not
generalize to other languages and accents. Finally,
while the two-step fine-tuning approach improves
WER, it may not fully address systematic bias aris-
ing from pretraining data composition or domain-
specific acoustic variability. Future work should
explore balanced data augmentation, multi-task ob-
jectives, or bias-aware loss functions to improve
both accuracy and fairness. Further analysis of
domain-specific acoustic characteristics may also
help in designing more equitable ASR systems for
clinical and general speech.

6. Conclusion

In this paper, we investigated the effectiveness of
single-step and two-step fine-tuning strategies for
reducing accent-related performance differences
in automatic speech recognition models across
four African accents using Whisper (small) and
Wav2Vec2-XLSR-53. The results demonstrated
that fine-tuning significantly improved overall WER
for both models; however, its impact on reduc-
ing accent-dependent disparities remained limited.
Performance gaps across accents persisted un-
der all examined fine-tuning approaches. Although
two-step fine-tuning yielded incremental improve-
ments over single-step adaptation, these gains
were modest and unevenly distributed across ac-
cents - Hausa consistently exhibited the highest
WER, whereas Swahili achieved the lowest.

More broadly, this study demonstrates that opti-
misation of overall performance does not necessar-
ily lead to improved parity across groups. There-
fore, mitigating accent-related disparities may re-
quire reweighting strategies, adversarial invariance
training, or fairness-regularised optimisation. How-
ever, a two-step fine-tuning approach that yields
one model per speaker group may be beneficial
in settings with a limited number of users, such
as medical laboratories. In such constrained en-
vironments, more complex approaches, such as
mixture-of-experts architectures or adversarial debi-
asing, may be impractical. Consequently, two-step
fine-tuning can serve as a method for improving per-
formance in accent-specific deployments, although
its bias mitigation capabilities are limited.
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