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Abstract. While fine-tuning transformer-based pre-trained speech mod-
els improves speech recognition for low resource languages, the approach
increases the risk of speaker attribute bias in the resulting target lan-
guage automatic speech recognition (ASR) systems. This work investi-
gates gender bias in two state-of-the-art pre-trained speech models, MMS
and Whisper, fine-tuned for ASR on three African languages: Bemba,
Nyanja, and Swahili. We fine-tune models on gender-specific as well as
gender-balanced datasets, and estimate and compare gender bias across
different settings. Our results show varying degrees of gender bias in
the fine-tuned models, even with gender-balanced fine-tuning, suggest-
ing influence from pre-trained models. Inconsistencies in gender-specific
fine-tuning further confirm the transfer of bias from pre-trained models.
Additionally, an ablation study shows no relationship between training
data size and gender bias.

Keywords: Gender Bias - Automatic Speech Recognition - Low Re-
source Languages - African languages.

1 Introduction

Fine-tuning transformer-based multilingual pre-trained speech models has be-
come a dominant approach to the development of automatic speech recogni-
tion (ASR) systems for low-resource languages (LRLs) [5,34,33]. Typically,
these models are pre-trained on large quantities of multilingual speech data
(labeled or unlabeled) and later fine-tuned on a relatively small labeled target
language dataset for a downstream speech task. While this approach has led
to improved model performance for LRLs, it increases the risk of introducing
speaker attribute-specific bias [12], which is the disparity in model performance
between different speaker attribute subgroups, for example between male and
female speakers.

ASR systems fine-tuned from pre-trained speech models have been reported
to exhibit gender bias [4], performing better on male speech in some studies [16,



C. Sikasote et al.

27] and female speech in others [12, 15, 26]. Recent studies have investigated pre-
training data as a potential source of gender bias [29,42]. While these studies
offer insight into the impact of data composition in the pre-training data for
bias mitigation, they do not investigate the impact of fine-tuning pre-trained
speech models on gender bias in resulting ASR systems. In this work, we seek to
address two questions: First, to what extent does fine-tuning pre-trained speech
models impact gender bias in ASR systems fine-tuned on LRLs? Second, does the
target language training data size affect gender bias in ASR systems fine-tuned
on LRLs?

Our work considers a multilingual setup where access to the pre-training
data is not available, and the evaluation focuses on gender bias in ASR systems
fine-tuned on LRLs. Concretely, we investigate two state-of-the-art pre-trained
models, Massively Multilingual Speech (MMS) and Whisper, evaluated on three
Sub-Saharan African languages: Bemba (bem), Nyanja (nya), and Swahili (swa).
All belong to the Niger-Congo Bantu family of languages. We leverage publicly
available datasets with sufficient data labelled by gender. To our knowledge, this
is the first work that comprehensively investigates the impact of fine-tuning pre-
trained speech models on gender bias for LRLs spoken in Sub-Saharan Africa.

We evaluate pre-trained models after fine-tuning, estimating and comparing
gender bias after gender-specific fine-tuning and after fine-tuning on datasets
with different degrees of gender balance. Moreover, we investigate whether there
is a relationship between training data size and gender. Our results show that
fine-tuning on a gender-balanced dataset does not necessarily mitigate gender
bias in resulting ASR systems for LRLs, suggesting potential influence from the
pre-trained model. In addition, our ablation study reveals that, while speech
recognition performance improves with an increase in training data size, there
is no relationship between training data and gender bias, suggesting dependence
on the dataset of the target language.

The rest of the paper is structured as follows. In Section 2, we provide re-
lated work. Section 3 outlines our methodology. Section 4 presents and discusses
the experimental results. Finally, in Section 5 we draw conclusions and suggest
possible directions for future work.

2 Related Work

Bias in artificial intelligence (AI) systems, in general, remains a challenge for
developing inclusive technology systems [28]. Research shows that AI systems in
various domains, such as computer vision [11], natural language processing [28],
and speech processing [31], exhibit biases that, if not mitigated, have the poten-
tial to perpetuate discrimination against certain groups of users in society [7]. In
this section, we outline related works that investigate different forms of speaker
attribute bias in ASR systems, including in pre-trained speech models.
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2.1 Bias in ASR Systems

Several studies across a range of languages have investigated ASR systems for
different forms of speaker attribute bias. With respect to gender bias, studies
show that ASR systems often recognize speech of one gender more accurately
than another: some report a higher recognition accuracy for female speakers [1,
19, 24, 35], while others observe a better performance for male speech [16, 39]. In
other cases, no noticeable difference in speech recognition accuracy is observed
between male and female speakers [40]. In addition to gender bias, ASR systems
have also been found to exhibit bias based on race [24], native language [12],
age [13,14], dialects [19, 39], and nationality [23]. These studies investigate and
quantify bias in ASR systems, primarily, for high-resource languages, such as
English [1, 19, 24|, French [1, 16], Portuguese 26, 27|, Dutch [12, 21, 43, 44|, Man-
darin [12], Spanish [10,30], and Arabic [35]. For LRLs, where much of the re-
search efforts are focused on creating training data and improving model accu-
racy [36-38], minimal attention is paid to investigating biases models exhibit and
how to mitigate them. In this study, we investigate gender bias in low resource
African languages.

2.2 Multilingual Speech Models

With regard to pre-trained speech models, studies have investigated multilin-
gual models, which have improved the speech recognition accuracy for most
LRLs [26,15]. Kulkarni et al. [26] investigate bias in the Massively Multilingual
Model (MMS) and Whisper, and demonstrate that fine-tuning these models for
Mexican Spanish results in models exhibiting gender bias against female speech,
and with no noticeable bias for age, accent, and skin tone color. Similarly, Fuck-
ner et al. [15] investigate Whisper and XLS-R [5] for Dutch speakers, and find
performance disparities for non-native, children, and elderly speakers. Gody and
Harwath [17] investigate HuBERT [22] for topic diversity, number of speakers,
and speaker gender. Beyond these off-the-shelf foundational models, there are
multilingual pre-trained speech models that have also been developed specifi-
cally for African languages. Caubriere and Gauthier [9] pre-trained the first self-
supervised learning multilingual speech model based on 60K unlabeled speech
data covering 21 Sub-Saharan African languages. The model is a 95 million
parameter model based on the HuBERT [22] base architecture. Most recently,
Alabi et al. [2] presented AfriHuBERT, which is an extension of the 95 million
parameter mHuBERT-147 [8] model pre-trained on 10K hours of speech data
covering over 1200 African languages from diverse sources. Although these mod-
els are yet to be investigated for different forms of speaker attribute bias, our
work investigates the Whisper and MMS models, which are larger in size, and
examines the extent to which fine-tuning these models on low resource African
languages impacts gender bias.
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3 Methodology

In this section, we outline our methodology to address our research questions.
We first describe the datasets we use for our experiments in Section 3.1. In
Section 3.2, we describe the speech models we investigate. We provide our fine-
tuning and evaluation setup in Section 3.3.

3.1 Datasets

We use publicly available datasets for a selection of Niger-Congo Bantu lan-
guages that have a sufficient amount of data with gender annotations in their
metadata. 3 The dataset statistics in Table 1 show that the gender distribution
in most of these datasets is severely imbalanced. We use the following datasets:
BembaSpeech (BS) is a monolingual ASR dataset for Bemba, comprising
more than 20 hours of read speech recorded by 17 Bemba speakers: 9 male and
8 female, using text sourced from public literature [36].

Bemba Image-Grounded Conversations (BIG-C) is a multimodal and
multi-purpose dataset that includes more than 180 hours of conversational speech
in Bemba recorded by Bemba speakers based on images [37]. The images used
to create speech in this dataset are obtained from the publicly available image
dataset: Flickr30K [20].

Zambezi Voice (ZV) is a multilingual speech corpus covering 4 languages:
Bemba, Nyanja, Lozi, and Tonga, which are spoken principally in Zambia [38§].
The dataset provides both transcribed and untranscribed speech data. We use
the transcribed read speech for the Nyanja set in our study. The Lozi and Tonga
sets do not have gender annotation in the metadata files of the audio files.
Common Voice (CV) is a multilingual speech corpus that comprises read
speech in more than 60 languages. We use the Swahili data in the November
2024 (v20) release [3]. A substantial proportion of the data does not have gender
in its metadata, but due to the size of the dataset, we are able to only use the
gender-annotated subset.

3.2 Pre-trained Speech Models

We investigate two state-of-the-art multilingual pre-trained speech models:
MMS is a Wav2Vec2.0 [6] based multilingual speech model pre-trained on
approximately half a million hours of audio comprising more than 1100 lan-
guages [32]. The models support a range of tasks, including speech recognition,
speech-to-text translation, language identification, and speech synthesis. MMS
model variants are based on two model parameter sizes: 317 million and 965 mil-
lion parameter base models. In our study, we use the checkpoint of a 965 million
multilingual MMS model that is fine-tuned from the 965 million base model.

3 We investigate gender bias as a binary construct (i.e., male and female) based
on practical constraints, relying on annotations in the metadata of the considered
datasets.
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Whisper is a family of pre-trained models trained on more than 680,000 hours
of multilingual and multi-task data collected from the web in a weakly supervised
approach in 98 languages [34]. Whisper models come in several sizes: Tiny (39
million), Base (74 million), Small (244 million), Medium (769 million), Large,
Large-v2, and Large-v3. All large models have 1550 million parameters. In this
work, we use the medium model.

Table 1. Dataset sizes (in hours) of the gender split in the original datasets and in our
gender-balanced subsets. The original datasets include BembaSpeech (BS), Bemba Im-
age Grounded Conversations (BIGC), Zambezi Voice (ZV), and Common Voice (CV).
Male and Female data split sizes are given, along with a Baseline subsampled according
to the original distribution and gender-balanced subsets Balanced and Combined. The
Balanced dataset has the same size as the Male and Female sets, while the Combined
is a combination of the two gender-specific datasets (Male and Female).

Original Gender-Balanced
Datasets Male Female Baseline Male Female Balanced Combined
Bemba-BS
train 13.0 7.1 6.9 6.9 6.8 6.9 13.7
valid 1.7 0.8 0.9 0.9 0.9 0.9 1.7
test 1.4 0.6 - 0.9 0.8 - 1.7
Bemba-BIGC
train 92.5 T74.6 5.1 5.0 5.0 5.0 10.0
valid 3.3 2.6 0.9 0.9 0.9 0.9 1.8
test 3.2 2.6 - 0.9 0.9 - 1.8
Nyanja-ZV
train 18.5 2.3 4.2 4.4 4.3 4.3 8.7
valid 0.3 1.9 0.5 0.5 0.5 0.5 1.0
test 0.2 1.2 - 0.5 0.5 - 1.0
Swahili-CV
train 195 24.1 5.1 5.1 5.2 5.1 10.3
valid 4.6 6.2 0.9 0.9 0.9 0.9 1.8
test 4.7 5.6 - 0.9 0.9 - 1.8

3.3 Experimental Setup

We study the impact of fine-tuning pre-trained speech models on gender bias
in ASR systems for LRLs through settings that control the training data and
hyperparameters to mitigate confounding factors such as data bias.

Evaluations We evaluate the performance of our models using the standard
ASR metric: Word Error Rate (WER). For Bias, we adopt the definition of
Feng et al. [12] as the difference in WER between the different speaker groups
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for each attribute-specific dimension. We use the Kruskal-Wallis H-test [25] to
determine the statistical significance of the difference in the distributions of the
model performance between the gender groups.

Curating and Creating Training Datasets Given the disparity in the amount
of speech data for the gender subgroups in the splits of the target datasets,
we create artificial datasets with varying proportional representations of gender
subgroup speech for our experiments. We randomly downsample the overrepre-
sented group in the original dataset of the target language to create five datasets:
gender-specific datasets, Male and Female, comprising of gender-specific speech
data for training gender-specific models; a Balanced dataset of the same size as
the gender-specific datasets, comprising of an equal representation of male and
female speech; a Baseline dataset having the same proportional representation of
speech by gender as the original dataset; and a Combined dataset (twice the size
of the Balanced dataset), a combination of the two gender-specific datasets (Male
and Female).

Given the size of the datasets and the small number of speakers in our setting,
we carefully split the datasets into training, validation, and test sets based on
the unique speaker IDs in the metadata file of the original datasets, ensuring
that no speaker overlaps between the sets. We do this for Bemba-BS (derived
from BembaSpeech) and Nyanja (from ZV). Bemba-BIGC (derived from BIG-C)
and Swabhili have sufficient data to create splits that are subsets of the original
training/validation/test splits. Additionally, all datasets derived from BIG-C are
balanced with an equal proportion of native and non-native speech to mitigate
any potential bias due to native speaking style from becoming a confounding
factor in our investigation. We preprocess the transcriptions by normalizing the
text, removing the punctuation, and lower-casing the characters. Audio files are
converted from MP3 to WAV format with a sample rate of 16Khz. Table 1
provides details of the original and the resulting data sets. We evaluate using
the test sets from two gender-specific datasets and the combined dataset.

Fine-tuning Pre-trained Multilingual Models We use the 965 million pa-
rameter fine-tuned ASR MMS model* and the (medium) 769 million parameter
Whisper model® for our fine-tuning experiments. We train gender-specific mod-
els using gender-specific datasets described in Section 3.3 and compare their
performance with the models trained on balanced and combined sets (twice the
size of gender-specific sets). All models are fine-tuned using the Hugging Face
Transformer library [41] with the Connectionist Temporal Classification (CTC)
criterion [18]. We fine-tune 3 different models with different training seeds on
each dataset to ensure that we obtain reliable bias estimates, particularly given
the low-resource nature of the datasets. Except for learning rates and batch
size, we inherit the default configurations from the library for other parame-
ter settings. We experiment with different learning rates (le-4, 7e-4, 3e-4, le-5,

4 https://huggingface.co/facebook/mms-1b-all
® https://huggingface.co/openai/whisper-medium
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5e-5) and batch sizes (2, 4, 8). All models are trained for 30 epochs with an
early-stopping set to 3. MMS models are trained with a learning rate of 3e-4,
and Whisper is trained using le-5. For batch size, we use 8 for MMS and 2 for
Whisper models. All models are trained on an A100 GPU.

Effect of Fine-tuning Data Size on Gender Bias To address our second
question, we conduct an ablation study using Bemba and Swahili to investigate
whether there is a correlation between fine-tuning data size and gender bias in
fine-tuned ASR models. We create gender-balanced training sets with 5 to 30
hours of speech (with a 5-hour interval), following the approach described in
Section 3.3. We use subsets of the two largest training datasets, Bemba BIG-C
and Swahili CV. We fine-tune our target pre-trained models on these datasets
using the same setup and configurations as above.

4 Results

4.1 Fine-tuning multilingual pre-trained speech models

Tables 2 and 3 present our results for the MMS and Whisper models, respectively.
We report the mean along with the standard deviation (STD) of the WERs of
the 3 different models fine-tuned and evaluated on each dataset. The names
Baseline, Male, Female, Balanced, and Combined appended to the model names
denote the fine-tuning datasets. We also conduct zero-shot evaluations of the
models, i.e. without any fine-tuning. However, we report zero-shot results only
for MMS and not for Whisper, since the Whisper-ZeroShot WERs were found
to be higher than 100% in all cases and therefore we do not consider it viable to
use these results in the gender bias analysis. Bias denotes the difference between
male and female test set WERs, representing the degree of gender bias; a negative
bias value implies that male speech was recognized more accurately than female
speech.

Gender bias: We observe that both the MMS and Whisper models recog-
nize female speech more accurately than male speech in Bemba-BS, Nyanja, and
Swahili, while male speech is recognized better on the Bemba-BIGC dataset. This
shows that the fine-tuned ASR models exhibit gender bias and that whether male
or female speech are recognized more accurately depends on the language and
dataset. In some cases, the bias is not significant; however, surprisingly, mod-
els with gender-specific training data sometimes exhibit lower bias than those
trained on balanced data. Models trained on the two Bemba datasets exhibit gen-
der bias in opposite directions, with Bemba-BS models consistently recognizing
female speech more accurately and Bemba-BIGC models favouring male speech.
We attribute this to the difference in speech type between the two training
datasets: Bemba-BS comprises read speech, while Bemba-BIGC comprises con-
versational speech. These results suggest that the speaking styles of the speakers
in the dataset may not only affect performance [12] but can potentially affect
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which gender subgroup speech is favored by the ASR systems. We also observe
that both models (MMS and Whisper) fine-tuned on gender-balanced datasets
(Balanced and Combined) exhibit gender bias across most of the languages, with
the exception of Swahili and Bemba-BIGC. When evaluating on gender-specific
test sets, models fine-tuned on gender-specific datasets have the best WER or
perform similarly to the best-performing model on the test set of the matching
gender. There are a few cases though where the WER of models trained on one
gender is lower when evaluating on the opposite gender test set than on the
same gender test set. These results point to the pre-trained models as the likely
source of influence for the gender bias in the fine-tuned models. The results of
the baseline model further confirm this assertion. In some cases, the gender sub-
set that is recognized more accurately by the baselines is under-represented in
the training dataset. For example, female speech is recognized more accurately
than male speech in Bemba-BS, even though it is very underrepresented in the
original training dataset. This suggests that balancing gender speech in training
datasets does not necessarily mitigate gender bias in fine-tuned ASR models for
LRLs.

Lastly, in comparison to the results obtained on other datasets, the Bemba-
BS dataset exhibits substantially higher bias estimates for both the MMS and
Whisper models. Although female speech was recognized more accurately than
male speech, a comprehensive error analysis is required to identify the types of
errors produced by the models and to investigate their underlying causes. How-
ever, one possible explanation for the higher bias estimates is that the sentences
used to generate the male test speech may have been more difficult than those
used for the female test speech. This observation highlights the importance of de-
veloping bias evaluation datasets in which speech from each subgroup is recorded
using the same set of sentences to enable fair and consistent comparisons.

Model performance: For both MMS and Whisper, we observe that models
fine-tuned on mixed-gender datasets (Baseline, Balanced, and Combined) per-
form similarly or better than gender-specific models on the overall test set. We
attribute this to the gender diversity in the balanced training datasets. In some
cases, MMS baseline models (fine-tuned on Baseline) outperform models fine-
tuned on both gender-specific (Male and Female) and balanced (Balanced and
Combined) datasets. We do not observe this with Whisper models. However,
in both MMS and Whisper models, models based on gender-balanced datasets
(Balanced and Combined) perform similarly or better than those fine-tuned on
biased datasets (Baseline, Male, and Female). This points to improved speech
diversity in the gender-balanced speech data. The results suggest that one does
not necessarily need to balance the training data by gender to obtain a good
WER score. Models fine-tuned on the combined datasets perform similarly or
better than models based on the balanced datasets, likely due to the increased
training data size as the combined dataset is twice the size of the balanced
dataset. This observation is similar to the findings in Meng et al. [29].
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Table 2. Mean and standard deviation (in parentheses) of WERs (%) of MMS models
on the test sets of the Male, Female, and Combined data splits. The results are averaged
over 3 runs. The lowest WER is underlined for each column, and the lowest absolute
gender bias (Bias) is in bold. Negative Bias values mean male speech was recognized
more accurately than female speech.

Model Male Female Combined‘ Bias
Bemba-BS

MMS-ZeroShot 81.87 (0.00) 51.08 (0.00) 66.10 (0.00)| 30.79 (0.00)
MMS-Baseline  56.20 (0.81) 34.29 (1.72) 44.99 (1.01)| 21.91 (1.80)
MMS-Male 55.76 (1.75) 33.61 (1.12) 44.42 (1.36)| 22.15 (1.09)
MMS-Female 57.26 (1.05) 35.06 (0.75) 45.89 (0.90)| 22.20 (1.09)
MMS-Balanced 54.08 (0.58) 32.84 (0.45) 43.21 (0.47)|21.24 (0.42)
MMS-Combined 57.51 (3.74) 35.90 (4.17) 46.44 (3.96)| 21.61 (0.45)
Bemba-BIGC

MMS-ZeroShot 81.71 (0.00) 84.36 (0.00) 83.05 (0.00)| -2.65 (0.00)
MMS-Baseline  49.44 (4.55) 55.36 (2.21) 51.76 (4.15)| -5.92 (2.93)
MMS-Male 45.97 (1.52) 54.03 (1.51) 50.05 (1.51)| -5.37 (4.65)
MMS-Female 52.03 (2.51) 53.21 (1.68) 52.63 (2.09)(-0.79 (0.90)
MMS-Balanced 54.07 (7.40) 57.78 (6.14) 55.97 (6.78)| -2.47 (2.31)
MMS-Combined 51.49 (2.63) 55.24 (1.90) 53.40 (2.26)| -3.75 (0.79)
Nyanja-ZV

MMS-ZeroShot 65.21 (0.00) 53.36 (0.00) 62.65 (0.00)| 11.85 (0.00)
MMS-Baseline  34.02 (0.85) 29.47 (0.28) 33.04 (0.73)| 4.55 (0.58)
MMS-Male 39.27 (1.00) 30.91 (0.78) 37.47 (0.88)| 8.36 (0.95)
MMS-Female 34.42 (2.66) 30.58 (0.78) 33.59 (2.36)| 3.85 (1.77)
MMS-Balanced 35.38 (2.73) 31.37 (0.42) 34.51 (2.16)| 4.01 (2.69)
MMS-Combined 31.89 (1.53) 28.33 (0.58) 31.12 (1.23)| 3.56 (1.51)
Swahili-CV

MMS-ZeroShot 25.19 (0.00) 21.78 (0.00) 23.44 (0.00)| 3.41 (0.00)
MMS-Baseline 26.44 (2.11) 24.89 (2.25) 23.12 (1.92)| 3.05 (0.57)
MMS-Male 27.54 (3.41) 24.89 (3.75) 26.19 (3.58)| 2.65 (0.35)
MMS-Female 24.86 (1.58) 21.46 (2.25) 23.12 (1.92)| 3.40 (0.71)
MMS-Balanced 23.57 (0.16) 20.75 (0.09) 22.12 (0.07)| 2.82 (0.20)
MMS-Combined 23.63 (0.12) 20.36 (0.32) 21.96 (0.20)| 2.59 (0.02)

4.2 Effect of training data size on gender bias

Figure 1 shows a plot of training data size (hours) against performance (WER)
of models fine-tuned on different amounts of gender-balanced training data and
evaluated on the gender-specific tests (Male and Female). The aim of this abla-
tion is to determine whether there is a relationship between training data size
and gender bias, based on Bemba and Swahili. While we observe a reduction in
WER as the amount of training data increases, we do not observe any system-
atic change in gender bias as the training data size increases. We conjecture that
this shows that fine-tuning on an equal proportion of male and female speech
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Table 3. Mean and standard deviation (in parentheses) of WERs (%) of Whisper
models on the test sets of the Male, Female, and Combined data splits. The results are
averaged over 3 runs. The lowest WER is underlined for each column, and the lowest
absolute gender bias (Bias) is in bold. Negative Bias values mean male speech was
recognized more accurately than female speech.

Model Male Female Combined ‘ Bias

Bemba-BS
Whisper-ZeroShot - - - -
Whisper-Baseline  62.92 (0.67) 37.25 (0.34) 49.76 (0.42)| 25.67 (0.63)
Whisper-Male 64.60 (1.07) 38.04 (1.34) 50.99 (0.18)| 26.56 (1.56)
Whisper-Female  71.28 (1.16) 45.18 (1.75) 57.90 (1.39)| 26.10 (1.11)

(0.27) (0.58) (0.18)
(1.14) (0.42) (0.42)

Whisper-Balanced 63.31 (0.27) 38.73 (0.58) 50.53 (0.18)|24.58 (0.31)
Whisper-Combined 59.98 (1.14) 34.36 (0.42) 46.85 (0.42)| 25.62 (1.49)

Bemba-BIGC
Whisper-ZeroShot - - - -
Whisper-Baseline  49.45 (0.10) 55.74 (2.14) 52.64 (1.03)| -4.19 (3.96)
Whisper-Male 56.31 (4.66) 59.88 (4.55) 58.12 (0.01)| -2.38 (6.83)
Whisper-Female  56.81 (2.83) 56.62 (4.24) 56.71 (3.55)| 0.13 (1.01)
(2.72) (6.55) (1.99)
(1.63) (2.70) (2.18)

Whisper-Balanced 53.17 (2.72) 59.04 (6.55) 56.15 (1.99)| -3.91 (7.37)
Whisper-Combined 47.34 (1.63) 51.14 (2.70) 49.26 (2.18)| -2.54 (1.23)

Nyanja-ZV
Whisper-ZeroShot - - - -
Whisper-Baseline  34.43 (0.59) 29.67 (0.06) 33.41 (0.47)| 3.18 (2.78)
Whisper-Male 39.76 (0.68) 31.28 (0.65) 37.93 (0.40)| 5.65 (4.99)
Whisper-Female  35.67 (2.21) 31.46 (0.13) 34.76 (1.70)| 2.81 (1.94)
(3.05) (0.45) (1.76)
(0.14) (0.78) (0.38)

Whisper-Balanced 36.17 (3.05) 29.30 (0.45) 32.50 (1.76)| 4.58 (4.67)
Whisper-Combined 32.77 (0.14) 28.43 (0.78) 31.52 (0.38)| 2.90 (1.59)

Swahili-CV
Whisper-ZeroShot - - - -
Whisper-Baseline  41.79 (9.33) 35.19 (4.78) (7.00)| 6.60 (4.56)
Whisper-Male 45.47 (2.28) 37.54 (0.47) 41.41 (0.88)| 5.28 (4.97)
Whisper-Female — 43.13 (10.13) 37.27 (0.03) 40.13 (4.93)| 3.90 (7.94)
(1.02) (0.95)
(0.19) (0.08)

4.78) 38.41 (7.00

Whisper-Balanced 37.01 (1.00) 33.72 (1.02) 35.32 (0.95)| 3.29 (0.63)
Whisper-Combined 32.25 (0.35) 31.64 (0.19) 31.94 (0.08)| 0.41 (0.52)

data neither adds gender bias to the model nor reduces pre-existing bias consis-
tently, therefore again pointing to the pre-trained model as the source of gender
bias. However, the results do not indicate any relationship between training data
size and gender bias. This confirms that attribute-specific bias, such as gender
bias, remains a complex issue in ASR systems that is language- and dataset-
dependent, regardless of which gender is more accurately recognized, in line
with the findings in Attanasio et al. [4].
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Fig. 1. Plot of training data size (hours) and model performance (WER) on gender
subgroup test sets (Male and Female) of models fine-tuned on different degrees of
training data. MMS models are in green while Whisper models are in blue. Solid
lines represent model performance on the male test set, while dashed lines represent
performance on the female test set for each respective model. Vertical orange dashed
lines depict statistically significant disparities (P < 0.05).

5 Conclusion

We investigated the impact of fine-tuning multilingual pre-trained speech mod-
els on gender bias in ASR systems for LRLs, and whether there is a potential
relationship between the size of the training data and gender bias. We find that
fine-tuning Whisper and MMS models on gender-balanced datasets yields vary-
ing results across languages, with ASR systems exhibiting significant gender bias
on gender-balanced datasets, suggesting potential bias propagation from the pre-
trained models. We do not observe any correlation between training data size
and gender bias, suggesting that gender bias is language- and dataset-dependent.
Beyond collecting more speech data and improving speech diversity in training
data, future work could explore developing fine-tuning strategies that aim to
improve model performance and mitigate bias transfer from pre-trained speech
models in low-resource settings.
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