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Abstract—Despite advancements in automatic speech recog-
nition systems (ASR), current systems exhibit speaker-attribute
bias, i.e., their speech recognition performance is biased against
certain speakers based on their demographic attributes such as
gender, accents, and speaker type. However, accurately assessing
speaker attribute bias in a given ASR system requires the
availability of a bias evaluation dataset with comparable speech
across subgroups of a speaker attribute. In this paper, we
introduce African speech Bias Evaluation Dataset (AfriBED),
a novel speech recognition bias evaluation dataset for two
low resource African languages, Bemba and Nyanja, to detect
and estimate gender and speaker-type bias for ASR systems.
The dataset comprises 9 hours of speech with 3928 utterances
recorded by 80 speakers for Bemba, while the Nyanja set
includes 6260 utterances with approximately 18 hours of speech
recorded by 127 speakers. The results of our baseline experiments
demonstrate that the datasets are useful for examining gender
and speaker-type attribute bias in the target languages.'

Index Terms—ASR, Fairness, Bemba, Nyanja, Africa lan-
guages

I. INTRODUCTION

In recent years, there has been a growing interest in devel-
oping ASR systems for low resource African languages [1].
With the majority of languages spoken across the continent
classified as low resource languages (LRLs), most research
efforts have focused on building training data dataset in order
to improve ASR accuracy [2]-[5]. Although this research
address the inherent limitations that characterize LRLs, one
research dimension that has not received significant attention
is how to effectively evaluate speech recognition models for
speaker attribute biases [6].

In this paper, we present our data collection effort to address
the issue of limited speech recognition bias evaluation datasets
for African languages [7], [8]. We introduce a novel bias
evaluation dataset containing read speech in two low resource
African languages: Bemba and Nyanja. The dataset is created
for evaluating ASR systems for gender and speaker-type (na-
tive and non-native speaker) biases. We carefully constructed
the datasets to ensure that the subgroups for each gender and
speaker-type attribute have the same speech content to allow
fair performance comparison. This is achieved by recording the
same read text sentences by speakers of each speaker attribute

IThe dataset is publicly available at: https://github.com/csikasote/AfriBED

Hussein Suleman
Department of Computer Science
University of Cape Town
Cape Town, South Africa
hussein@cs.uct.ac.za

Jan Buys
Department of Computer Science
University of Cape Town
Cape Town, South Africa
jan.buys@uct.ac.za

subtype. To the best of our knowledge, our work is the first
to create dedicated ASR bias evaluation datasets to examine
speaker-attribute bias in ASR systems for Bemba and Nyanja.

II. RELATED WORK

Several bias evaluation datasets exist to evaluate ASR
systems for various forms of speaker-attribute bias [9]-[13].
The most popular is the Artie Bias Corpus [10] based on
the Mozilla Common Voice corpus [14] for age, gender,
and accent bias detection. Liu et al. [12] created the Ca-
sual Conversations dataset for gender, age, and skin tone.
Shriberg et al. [15] curated 72 hours of conversation-like
speech based on dialogues from naturally-occuring meetings.
There are others like the recently introduced FairSpeech [11]
dataset. However, the majority of these datasets are designed
for English ASR systems, leaving the majority of languages
without tools to examine speaker attribute bias, particularly
LRLs. In addition, the speech across attribute subgroups in
these datasets is not the same. The subgroups of attributes
do not have speech drawn from the same text sentences,
resulting in unfair comparisons. In contrast, our study aims
to create bias evaluation datasets for LRLs, targeting African
languages. Therefore, we create a novel speech recognition
bias evaluation dataset that covers two Sub-Saharan African
languages: Bemba and Nyanja, which are spoken predomi-
nantly and widely in Zambia and neighboring countries [16].

III. METHODOLOGY

In this section, we provide details of the different phases
of our data collection process. We highlight that we obtained
ethical clearance for data collection and followed all ethical
standards for responsible data collection practices.

A. Demographic survey

We started by conducting a demographic survey among
students at the University of Zambia, targeting students in the
Department of Computing and Informatics using convenient
sampling for our selection criteria. The survey was carried out
for three reasons: to determine the native languages (amongst
languages spoken in Zambia) spoken among the students who
are our target population; to estimate the number of students
we could invite to participate voluntarily in the successive
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phases; and to establish the demographic information that we
could consider for our bias evaluation dataset. The demo-
graphic survey was set up using the Google Forms platform
and sent out to the students’ university email addresses.

A total of 359 students responded to the survey. The
responses showed that Bemba (41.23%) and Nyanja (44.57%)
were the most populous native languages spoken among
students and spoken as their first or second language. None of
the other languages spoken had a critical mass. Gender and
speaker-type i.e., native and non-native speakers, were the two
possible speaker attributes that could be captured for our data
collection. > We did not find sufficiently large subgroups for
other attributes such as race, age and region. All participants
identified themselves as black, belonging to a single age group,
between 18 and 25 years, and the majority (more than 70%)
came from one region, Lusaka.

B. Generating text sentences

Due to the lack of high-quality public textual data in our
target languages, we obtained 1000 English text sentences
from the test split of the open-source ASR dataset, Lib-
riSpeech [17] and translated them into Bemba and Nyanja
for audio recording. The LibriSpeech dataset comprises 1000
hours of speech in the English language derived from publicly
domain audio books from the LibriVox project. * To ensure
that we obtained high-quality text translations, we recruited
two paid professional translators, one translator per language,
to translate the English sentences into the target languages. In
addition, for each language, we recruited three native speakers
(students) on a voluntary basis to verify and ensure that no
mismatch occurred in the English-to-translation sentence pairs.

C. Creating audio recordings

We recruited a total of 205 students to record speech
from translated text sentences on a voluntary basis. Most
of the students were drawn from the participants in the
survey who expressed interest in participating in the audio
recording task. We carefully designed our recording strategy
so that the speech between subgroups of the speaker attributes
(gender and speaker type) is the same to ensure subgroup
comparability. To achieve this, we defined two sets of speaker
attribute groups: primary groups (native male, non-native
male, native female, and non-native female) and secondary
groups (male, female, native and non-native). The primary
groups are intersectional attribute groups between gender and
speaker-type attribute groups, while secondary groups are
direct subgroups of gender (male and female) and speaker-type
(native and non-native) attributes, whose data composition
can be worked out and aggregated from the corresponding
primary groups. To assign text sentences for audio recording
to participants, we grouped the participants according to their

2We define the first language as the native language the speaker has been
exposed to since birth. A native speaker is one where the language is their
first language, while a non-native speaker is one where the language is not
their first language but they declare a good degree of proficiency in reading,
understanding and writing.

3https://librivox.org/

self-identified primary groups. We then split the 1000 text
sentences into two batches: Batch A, containing sentences
1-500, and Batch B, containing sentences 501-1000, and
assigned them for recording to each primary group as shown in
Fig. 1. Furthermore, we split the text sentences in each batch
into portions of 50 text sentences, which we then assigned
to each participant to record. To ensure speech variation and
diversity, and to allow in-group inter-speaker evaluation, we
assigned each 50 sentence block to at least three participants.
Using this strategy, gender and speaker-type subgroups can be
assigned from the primary groups with speech in the subgroups
based on the same sentences and without speaker overlap. The
audio files were recorded using the Audacity software, with a
sampling rate of 16kHz and 32-bit float PCM sample encoding
setting. * All the utterances are within 20 seconds.

Gender Subgroups

A

Male Female

Native Male Native Female

Native

(Batch A) (Batch B)

Non-native Male Non-native Female

Speaker-type Subgroups
A

A

Non-native

(Batch B) (Batch A)

C

Fig. 1. Our strategy for allocating text sentences to primary subgroups to
create audio recordings, ensuring comparable speech between subgroups of
both gender and speaker-type attributes and without speaker overlap.

TABLE I
SUMMARY STATISTICS OF THE BIAS EVALUATION DATASETS WITH NATIVE
MALE (NM), NATIVE FEMALE (NF), NON-NATIVE MALE (NNM) AND
NON-NATIVE FEMALE (NNF) PRIMARY INTERSECTIONAL SPEAKER
ATTRIBUTE SUBGROUPS.

Bemba Nyanja

Subgroup

Files Speakers Hours \ Files Speakers Hours
Overall sets
NM 1464 30 3.19 | 2673 54 7.04
NF 821 17 1.86 1144 23 3.12
NNM 1195 24 3.28 1894 39 6.85
NNF 448 9 0.99 549 11 1.52
Total 3928 80 9.32 | 6260 127 18.53
Mini-version sets
NM 350 7 0.79 299 [§ 1.10
NF 349 7 0.73 299 6 0.83
NNM 348 7 0.87 300 6 0.84
NNF 349 7 0.74 300 6 0.80
Total 1396 28 313 | 1198 24 3.57

“https://www.audacityteam.org/



TABLE II
RESULTS OF FINE-TUNED ASR MODELS EVALUATED ON OVERALL SETS OF THE LANGUAGE DATASETS. WE REPORT CER ON THE FOLLOWING
SUBGROUPS: NATIVE MALE (N), NON-NATIVE MALE (NNM), NATIVE FEMALE (NF), NON-NATIVE FEMALE (NNF), MALE (M), FEMALE (F), NATIVE
(N), NON-NATIVE (NN) AND COMBINED (C). RESULTS ARE AVERAGED OVER THREE RUNS. LOWER CER AND CER-GAP VALUES ARE BETTER. WE
REPORT MEAN AND STANDARD DEVIATION (IN PARENTHESES) VALUES.

Male ‘ Female ‘ Gender ‘ Speaker-type
Language Model NM NNM CER-gap | NF NNF CER-gap | M F c CER-gap | N NN c CER-gap
SSA-HUBERT-L-60K 1676 (0.17) 19.38 (0.13) 2.62 (0.06) | 17.43 (0.38) 21.09 (0.45) 3.66 (0.24) | 17.95 (0.15) 18.71 (0.39) 18.19 (0.19) 0.77 (0.35)| 17.00 (0.21) 19.84 (0.17) 18.19 (0.18) 2.84 (0.10)
Bemba  SSA-HUBERT-XL-60K 1545 (0.09) 18.29 (0.13) 284 (0.05) | 15.60 (0.34) 1985 (0.17) 417 (0.21) | 1674 (0.10) 17.15 (027) 1687 (0.16) 041 (1.18) | 1553 (0.17) 18.70 (013) 1687 (0.16) 3.17 (0.05)
MMS-300M 2021 (0.10) 21.81 (0.02) 1.60 (0.09) | 2130 (0.81) 2341 (0.20) 2.11 (0.63) |20.94 (0.06) 22.04 (0.59) 2129 (0.23) 1.11 (0.53) | 20.61 (0.35) 22.24 (0.07) 2129 (0.24) 1.63 (0.30)
MMS-1B-All 14.34 0.18) 17.55 (0.08) 321 (0.12) | 14.40 (0.10) 18.54 (0.06) 4.14 (0.07) | 15.80 (0.13) 15.85 (0.08) 15.82 (0.11) 0.06 (0.08) | 14.36 (0.13) 17.82 (0.08) 15.82 (0.11) 3.45 (0.07)

SSA-HuBERT-L-60K  25.77 (0.19) 56.09 (1.02) 30.32 (0.88) | 25.81 (0.05) 40.91 (0.88) 15.10 (0.93) | 38.58 (0.52) 30.54 (0.24) 36.39 (0.43) 8.04 (0.34) | 25.78 (0.12) 52.77 (0.98) 36.39 (0.44) 26.99 (0.89)
SSA-HuBERT-XL-60K 24.89 (0.14) 54.62 (0.68) 29.73 (0.74) | 24.72 (0.26) 39.72 (0.95) 14.10 (0.94) | 37.46 (0.27) 29.42 (0.37) 35.27 (0.30) 8.04 (0.13) | 24.84 (0.17) 51.37 (0.74) 35.27 (0.30) 26.53 (0.78)
MMS-300M 29.35 (1.12) 49.28 (1.52) 19.94 (2.56) | 28.53 (0.66) 42.61 (0.60) 14.09 (0.64) | 37.78 (0.32) 32.95 (0.57) 36.46 (0.32) 4.83 (0.54) | 29.09 (1.00) 47.83 (1.06) 36.46 (0.32) 18.74 (1.95)
MMS-1B-All 22.35 (0.08) 55.63 (0.24) 33.27 (0.20) | 21.19 (0.09) 38.80 (0.29) 17.60 (0.21) | 36.41 (0.13) 26.72 (0.15) 33.76 (0.14) 9.69 (0.04) | 21.99 (0.08) 51.95 (0.25) 33.76 (0.14) 29.96 (0.19)

Nyanja

D. Data validation

We validated all data collected following the strategy of
Conneau et al. [18] to ensure that only clean and high quality
audio recordings were retained. All valid recordings, from
either quiet or noisy environments, are kept as is.

E. Resulting Datasets

Table I provides summary counts of audio files, number of
speakers, and size (in hours) for each subgroup in the resulting
evaluation sets. The overall datasets comprise a total of 9.32
hours of Bemba speech (3,928 audio files from 80 speakers)
and 18.53 hours of Nyanja speech (6,260 audio files from
127 speakers). In addition, we curated subsets of the overall
datasets into mini-version datasets, which include only speech
recordings for text segments with at least one contribution
from each subgroup, ensuring balanced and comparable evalu-
ation across subgroups. The mini-version datasets include 3.13
hours of Bemba speech (1,396 files from 28 speakers) and 3.57
hours of Nyanja speech (1,198 files from 24 speakers). The
dataset, along with transcriptions and anonymized metadata
files, are released publicly to the research community under a
Creative Commons BY-NC license.’

IV. BASELINE EXPERIMENTS

To provide baseline speech recogntion and fairness perfor-
mances of speech models in the target languages, we fine-tune
two popular open-source pre-trained speech models: massively
multilingual model for speech (MMS) [19] and the Africa-
centric self-supervised multilingual speech model for Sub-
Sahara African languages (SSA-HuBERT-Large-60K) [20] on
existing open-source labeled ASR datasets for Bemba (28
hours) and Nyanja (25 hours) from Zambezi Voice [3]. The
datasets are not balanced with speaker-type and gender at-
tribute speech. We use the 300M and 1B parameter variants of
both models. We report character error rate (CER) metric [21]
for ASR performance. For bias, we use the absolute difference
in ASR performance between the subgroups of the respective
speaker attributes (CER-gap) [22]. We use our full collected
dataset to evaluate the fine-tuned speech models.

5The dataset is publicly available at: https://github.com/csikasote/AfriBED

V. RESULTS

Table II provides the results of our baseline experiments.
Below we provide key observations, and also compare to the
findings of Sikasote et al. [6], who evaluated gender bias
for Bemba and Nyanja ASR on test sets without overlapping
sentences between the male and female speech.

A. Bias Analysis for Bemba

We observe performance disparities across all speaker at-
tribute categories for all fine-tuned models. All models per-
form better in recognizing speech for native than non-native
speakers, suggesting potential bias against non-native speakers
in the models. All models perform better in recognizing male
than female speech with relatively low CER-gap compared
to other attributes. In contrast, Sikasote et al. [6] found
inconsistent bias patterns between two evaluation sets both
without sentence overlap between the subgroups.

B. Bias Analysis for Nyanja

We observe significantly higher CER and CER-gap values
in Nyanja than in Bemba. We attribute this to the possible
impact of background noise. Our speech analysis revealed
that approximately 1.5 hours of the total Nyanja data is non-
speech compared to Bemba, with only 45 minutes. Similarly
to Bemba for the Speaker Type attribute, all models perform
better in recognizing speech for native speakers than non-
native speakers, suggesting potential bias against non-native
speakers in the models. For gender, all fine-tuned models
exhibit bias against male speakers, consistent with the pattern
observed in the study by Sikasote et al. [6].

VI. CONCLUSION

This paper introduces AfriBED, a bias evaluation dataset
created to examine gender and speaker-type bias in ASR
systems for two low resource African languages: Bemba and
Nyanja. The dataset’s key innovation is that the subgroups of
each speaker attribute have the same speech content, making
the subgroups comparable for bias evaluation. The results of
our baseline experiments demonstrate the usefulness of our
datasets to examine gender and speaker-type attribute bias in
ASR models for Bemba and Nyanja. In the future, we plan to
expand our dataset to more languages, and to add additional
speaker attributes.
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