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Uncovering Bias in ASR Systems: Evaluating
Wav2vec2 and Whisper for Dutch speakers

Marcio Fuckner, Sophie Horsman, and Pascal Wiggers
Amsterdam University of Applied Sciences
Email: {marcio.fuckner, s.horsman, p.wiggers} @hva.nl

Abstract—It is crucial that ASR systems can handle the wide
range of variations in speech of speakers from different demo-
graphic groups, with different speaking styles, and of speakers
with (dis)abilities. A potential quality-of-service harm arises when
ASR systems do not perform equally well for everyone. ASR
systems may exhibit bias against certain types of speech, such as
non-native accents, different age groups and gender. In this study,
we evaluate two widely-used neural network-based architectures:
Wav2vec2 and Whisper on potential biases for Dutch speakers.
We used the Dutch speech corpus JASMIN as a test set containing
read and conversational speech in a human-machine interaction
setting. The results reveal a significant bias against non-natives,
children and elderly and some regional dialects. The ASR systems
generally perform slightly better for women than for men.

Index Terms—speech recognition, bias, Dutch

I. INTRODUCTION

The accuracy of Automatic Speech Recognition (ASR) systems
has drastically improved, with, among others, the introduction
of end-to-end transformer-based models and the shift towards
unsupervised training techniques [1]. However, the accuracy
of speech recognition still varies depending on the task, the
quality of the audio and the complexity of the language being
spoken. For example, recognising speech in noisy environ-
ments or with non-native speakers is still challenging.

In this research, we are interested in the potential quality-
of-service harm that comes with the more widespread use of
ASRs, which are increasingly used for downstream applica-
tions, such as virtual assistants, automatic interview transcrip-
tions and automatic subtitling. This potential harm is a known
problem for ASR systems since existing research shows that
ASR systems do not work equally well for all speaker groups.
Lower performances for certain speakers are due to differences
in pronunciation and language use for different speaker groups
that are not well-represented in the training data [2] [3].
The advancements of the past years put forward the question
of to what extent current state-of-the-art ASR systems that
were trained on very large datasets, mostly scraped from the
internet, are prone to bias and how this compares to earlier
systems.

Here we will evaluate and quantify bias for two state-of-
the-art ASR systems, namely Wav2vec2 (Facebook; [4]) and
Whisper (OpenAl; [1]). We will do so for the Dutch language
and investigate bias against certain speaker groups (based on
age, gender, speaker region and native language). To do so, we
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build upon a methodology introduced by [3] for quantifying
bias in ASR systems. Our research shows that state-of-the-
art models are overall less biased compared to earlier ASR
systems, but are still biased against speakers with accents that
deviate from standard Dutch.

II. RELATED WORK

There is a growing body of literature on bias in automatic
speech recognition for various languages and different aspects
of speech. In [5], the performance of ASR systems for speakers
with different English accents was investigated by evaluating
YouTube’s automatic captions for isolated chunks or particular
words. It was concluded that the performance was significantly
worse for Scottish speakers than for speakers from New
Zealand, New England or California. In [6], the performance
of five state-of-the-art ASR systems was compared for audio
snippets of black speakers and white speakers. On average,
black speakers had a WER of 0.35, whereas white speakers had
a WER of 0.19. Finally, [3] investigated the disparities between
different groups of Dutch people for an HMM-based ASR
system. Speech samples from non-natives were recognised
more poorly compared those of native speakers. Out of the
native speakers, those from Flanders and southern regions of
the Netherlands were recognised most poorly.

Looking at whether ASR systems work equally well for
different genders, there is contradictory evidence. In [3],
we find that ASR systems work slightly better for females
than males for the Dutch language. However, other studies
concluded the opposite [7] [8]. As ASR systems entail large
language models, there is another way in which downstream
applications could be biased. Since word embedding models
often represent stereotypical worldviews, this could affect the
way that an ASR system makes its predictions.

Finally, it is known that ASR systems don’t work equally
well for different age groups. The most challenging age groups
are children and elderly speakers. Children’s speech is hard
for ASR systems because of their shorter vocal tracts, slower
and more inconsistent speaking pace, and less precise articu-
lation compared to adults [3]. ASR systems face challenges
in understanding the speech of elderly due to age-related
alterations in their speech organs, more pronounced accents,
and potential hearing impairments or health conditions that
can further impact their speech patterns [9].



III. EXPERIMENTAL SETUP
A. State-of-the-art ASR systems for the Dutch Language

In this section, we will elaborate on the ASR systems used in
this experiment. Wav2vec2 and Whisper are widely-used neu-
ral network-based architectures that have delivered promising
results. We compare their performance with the results from
an earlier study that uses a TDNNF ASR architecture [3].

1) Wav2vec2: Wav2vec2 is a deep learning-based ASR
system developed by researchers of Meta Al [4]. It is a self-
supervised end-to-end architecture based on convolutional and
transformer layers. The training of Wav2vec2 requires labelled
data, but the amount of data needed is significantly reduced
compared to traditional ASR systems due to the effectiveness
of the self-supervised pretraining. For this experiment, we used
a pre-trained model based on the original wav2vec2-xls-r-2b-
22-to-16 model, fine-tuned on the CGN [10] and the Mozilla
Common Voice 8 NL [11] datasets.!

2) Whisper: Whisper is an ASR system developed by re-
searchers of OpenAl [1] that achieved substantial performance
improvements in various speech recognition tasks. Contrary
to Wav2vec2, which uses self-supervised techniques, Whis-
per uses a supervised approach, using up to 680k hours of
labelled speech data from several sources. Whisper is based
on an encoder-decoder Transformer architecture. This study
employed the Whisper-large-v2 model, which contains 1550
million parameters distributed across 32 layers and 20 atten-
tion heads. We conducted the evaluation in a zero-shot setting.
The decoding was performed using greedy decoding with the
best of 5 samplings. The following temperature weights were
used for successive attempts: (0.2, 0.4, 0.6, 0.8, 1).2

B. Test Corpora

The JASMIN corpus [12] was used as our test set for both
ASR systems. This dataset is an extension of the Corpus
Spoken Dutch (Corpus Gesproken Nederlands, CGN) [10],
augmenting the representativeness of different age groups and
regional and non-native accents. The corpus has a balanced
distribution between male and female speakers and comprises
two types of speech—read speech and human-machine interac-
tion (HMI) speech, both used in the experiments. The following
speech samples were used for native speakers from both the
Netherlands and Flanders:

e Dutch and Flemish children (7-11): 18h 31m
o Dutch and Flemish teenagers (12—16): 18h 31m
¢ Dutch and Flemish elderly adults (65+): 14h 31m

The participants in this study originate from five accent
regions in the Netherlands and Belgium: West, Transitional,
North, South, and Flanders. The dataset also includes two
categories of non-native speakers residing in the Netherlands
or Flanders, containing children and adults:

o Non-native children (7-16): 12h 21m
o Non-native adults (18-60): 12h 31m

Thttps://huggingface.co/FremyCompany/xls-r-2b-nl-v2_lm-5gram-os
Zhttps://github.com/openai/whisper

C. Experiments and Evaluation

Our research builds on the approach used in [3] to in-
vestigate potential bias in speech recognition systems. Bias
is understood as the WER gap between various diversity
groups (based on age, gender and accent) using the same
ASR system. To increase the reliability of our findings, we
assess speech separately for read and HMI (human-machine
interaction) speech and analyse differences in WER for dif-
ferent speaker groups. In addition, we analyse phoneme-level
error rates using a post hoc approach that converts word-level
transcripts to phoneme representations and aligns them using
the Levenshtein distance. By using the same techniques we
enable a reliable comparison between the two studies.

IV. RESULTS

This section provides an overview of the word error rates
(WERSs) for Wav2vec2 and Whisper. Table I presents the results
categorised by ASR system and age group, with a breakdown
for female and male speech and an average across both genders
(column Avg). The results are displayed separately for read
speech and HMI speech. The upper portion of the table reports
the WERs for native Dutch and Flemish speakers in each age
group, while the lower portion details the results for non-native
speakers in their respective age groups. Furthermore, the table
includes the average WERs per gender across all age groups
(row Avg), as well as for native (row Avg natives) and non-
native (row Avg non-natives) speakers.

TABLE I: WER for read and HMI Speech on ASRs by gender
and age group

Age Group ASR . Read I\j[peechAvg . HMI 1i/;[)eechAVg
TDNNF [3]  25.6 259 258 315 285 300

Children Wav2vec2 164 18.6 174 245 23.6 24.1
Whisper 123 155 139 182 155 169

% TDNNF [3]  12.8 153 140 220 235 228
.z Teenagers =~ Wav2vec2 104 114 109 164 193 178
= Whisper 7.8 8.1 80 129 138 133
= TDNNF [3] 169 22.0 18.6 287 338 30.6
£ Elderly Wav2vec2 = 9.8 129 109 246 265 252
A Whisper 69 117 87 189 20.8 19.6
TDNNF [3] 183 21.1 19.6 284 308 294

Avg Wav2vec2 12.1 144 132 221 228 224
Whisper 89 11.8 102 169 162 16.6

TDNNF [3] 415 426 420 420 430 425

Children Wav2vec2 = 260 302 28.0 358 421 388

% Whisper 18.1 | 19.6 188 24.1 258 250
2 TDNNF [3] 434 438 43,6 422 459 437
] Adults Wav2vec2 256 322 28.1 358 447 393
g Whisper 184 198 188 303 352 321
4 TDNNF [3] 425 43.1 427 422 449 433
Avg Wav2vec2 258 31.1 28.1 358 432 39.0
Whisper 183 19.6 189 27.1 29.0 28.0

TDNNF [3] 26.7 282 274 333 359 344

<=C Avg Wav2vec2 162 18.6 173 267 288 27.6
Whisper 123 145 133 204 207 205

Whisper significantly outperformed Wav2vec2, achieving an
improvement of WER for both read and HMI speech. While
Wav2vec2 demonstrated average WERs of 17.3 for read speech
and 27.6 for HMI speech, Whisper achieved even better results,
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Fig. 1: Distribution of WERSs for read speech

with 13.3 for read speech and 20.5 for HMI speech. Compared
to the baseline results reported in [3], which had WERs of
27.4 for read speech and 34.4 for HMI speech, both Wav2vec?2
and Whisper have made substantial progress in enhancing
the overall performance. The results are indicators of the
advancements of these state-of-the-art WER systems in a short
period, significantly reducing errors by more than half in some
cases compared to the previous benchmark.

The findings corroborate those presented in [3]. For exam-
ple, female speech is generally better recognised than male
speech across all native and non-native groups, as well as the
speech style (reading or HMI). A more pronounced discrepancy
in WER between native female and male speakers was observed
for native elderly adults but smaller for HMI speech for all
ASRs. The group of teenage speakers is the one that attains
the best WER performance in both read and HMI speech. In
line with the reference paper, our results show that children
exhibit higher word error rate (WER) performance than the
elderly group, particularly in read speech where there is a more
considerable discrepancy: a difference of 6.5% for Wav2vec2
and 5.2% for Whisper for the elderly group, respectively.
For non-native speakers, the performance disparities between
children and adults are relatively small.

To better understand the distribution of word error rates
and pinpoint potential outliers, we plot the distributions for
different age groups and genders per ASR system. Figure 1,
focused on read speech, depicts that both ASR systems achieve
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non-native adults

lower word error rates for native teenagers, followed by native
elderly and native children. There is a substantial gap between
the observed WERs for native and non-native speakers. This
gap is more pronounced for Wav2vec2, while Whisper shows
a smaller disparity, indicating that the overall bias is smaller
for Whisper. Moreover, the distribution of word error rates
for both children and adults appears to be more dispersed in
Wav2vec2, with a slight improvement observed for Whisper.

An aspect that merits attention for Whisper is the outliers
reaching almost a 100% WER. These outliers were found to be
caused by the so-called ‘failure or repetition loop’ [1], where
the model predicts a nonsensical repetition of words, leading
to this staggering error rate. Manual investigation for these
cases showed no clear pattern or explanation as to why this
phenomenon occurred. When not conditioning on the previous
text, the failure loop is prevented.

In Figure 2, focused on HMI speech, we notice again that
the ASR systems recognised native teenagers the best. A
difference, however, is that while in the read speech setting
the group of native elderly speakers was the second-best
recognised group, in the dialogue setting, both ASR systems
performed equally well for native children and native elderly
groups. Furthermore, the difference in performance between
all subgroups is smaller for Whisper in the HMI speech setting,
indicating that the overall bias in Whisper is smaller compared
to Wav2vec2. Finally, another remarkable observation in the
HMI setting is that there are fewer outliers for both ASRs.



A Kruskal-Wallis analysis and post-hoc Dunn test showed
that for both ASRs and in both settings, there was a significant
difference in the distribution of the performance between all
native speaker groups and non-native speaker groups (p <
0.05). Furthermore, in the read speech setting, there was
a significant difference between native children and native
teenagers and between native children and native elderly for
both ASR systems. In the HMI setting, a significant difference
was also found between native children and native teenagers,
but in contrast also between native teenagers and native elderly
for both ASRs. In other cases, disparities in performance
between groups were not significant (p > 0.05).

A. Native and Non-native Word Error Rates

Table II presents WERs for different age groups and regions
for Wav2vec2 and Whisper. The results show a significant
improvement in speech recognition accuracy compared to the
baseline paper in [3] for all age groups and accent regions.
However, while the overall performance has improved, the
WERs still vary depending on the age and regional accent of
the speakers.

TABLE II: Average WER for native speakers (West,
Transitional, North, South and Flanders regions.)

(a) Read Speech

G WER
roup ASR W T N S F
TDNNF [3] N/A 23.8 28.3.2 25.6 353
Children Wav2Vec2 N/A 154 21.5 16.6 17.3
Whisper N/A 11.3 16.5 13.5 14.3
TDNNF [3] 14.0 15.7 13.7 14.0 30.1
Teenagers Wav2Vec2 9.8 10.3 9.2 9.3 12.9
Whisper 9.5 8.3 6.2 6.7 8.6
TDNNF [3] 17.2 19.0 133 25.0 22.5
Elderly Wav2Vec2 10.0 11.6 8.3 15.3 10.4
Whisper 6.5 8.2 59 12.0 9.7
(b) HMI Speech
ASR
Group ASR W T N S F

TDNNF [3] N/A 31.4 27.0 30.1 47.5

Children Wav2vec2 N/A 22.0 23.0 24.0 26.3
Whisper N/A 18.5 17.7 14.9 16.2

TDNNF [3] 22.6 19.7 22.6 23.8 35.5

Teenagers Wav2vec2 18.9 15.8 15.7 18.0 18.4

Whisper 11.8 5.8 114 14.7 15.1

Elderly TDNNF [3] 29.0 29.3 24.3 37.4 36.4
Wav2vec2 24.6 24.3 247 315 23.6

Whisper 19.1 18.7 16.7 23.7 19.9

Table Ila displays the WERs for read speech, where Whisper
outperformed Wav2vec2 in all cases. Interestingly, teenagers
of all regions achieved lower WERs than children and elderly.
Children from the northern region had higher WERs for
Wav2vec2 and Whisper. In contrast, teenagers from Flanders
had a lower performance with Wav2vec2, and teenagers from
the Western region had a lower performance with Whisper. El-
derly participants from the southern region of the Netherlands
had the worst WER performance.

In Table IIb, the WERs for HMI speech were also lower for
Whisper than Wav2vec2 across all regions. While there were

differences in performance between regions, the differences
were not significant for children and teenagers. However, the
discrepancy was higher for elderly speakers, with participants
from the southern region of the Netherlands achieving the
worst WER performance for both read and HMI speech.

These findings suggest that while there has been a signifi-
cant improvement in WER performance, further investigation
is required to address the persistent differences in performance
among age groups and regions. These issues are explored
further in the error analysis section.

TABLE III: WERs for non-native speakers by CEF level, with
separate "F/M” columns. Excludes B2 level (n=1)

Read speech HMI speech

CEF ASR F M  Ag F M Avg
TDNNF [3] 44.6 44.4 44.5 43.7 47.6 47.0

Al Wav2Vec2 243 29.1 26.5 35.8 475 40.1
Whisper 17.1 21.7 19.2 27.5 40.6 333

TDNNF [3] 449 387 433 444 414 435

A2 Wav2Vec2 24.3 25.7 24.7 35.8 374 | 363
Whisper 22.3 17.9 20.9 332 32.1 329

TDNNF [3] 37.6 515 42.6 384 | 447 @ 404

Bl Wav2Vec2 21.0 | 243 22.0 29.7 333 30.8
Whisper 14.3 16.6 15.0 27.8 28.7 28.1

In Table III, we present the word error rates of non-native
speakers across Common European Framework of Reference
for Languages (CEF) levels, with Al representing the initial
level of proficiency. The WERs for females are consistently
lower than those for males across all proficiency levels and
ASR systems. For instance, at the Al level, the WERs of
read speech for females using the Wav2vec2 and Whisper
systems are 24.3% and 17.1%, respectively, while males are
29.1% and 21.7%, respectively. We found that the WERS
are generally consistent with non-native speakers’ proficiency
levels regarding CEF levels. In other words, the more proficient
the speaker, the lower the WER. This contrasts with the results
reported in a reference paper [3], where no reduction in WER
was observed with an increase in CEF level.

B. Error Analysis

We extend the analysis of the performance of Wav2Vec2 and
Whisper with a focus on phoneme errors for different groups.
Building upon the reference work in [3], we adopt a system-
atic approach to analyzing the sources of recognition errors
by examining phoneme errors and conducting a qualitative
dataset analysis. Our analysis reveals that the performance of
Wav2vec2 and Whisper varies across different variables, such
as non-native accents, age groups and regional accents.

For non-native speakers, specific phonemes such as /cey/,
18, ¥/, /j/, and /y/ pose more challenges for Wav2vec2, with
the highest error rates observed. In most cases, Whisper per-
formed better than Wav2vec2, with lower error rates across all
phonemes and a considerable reduction in error rates of /cey/
and /g:/. Nonetheless, Whisper’s performance improvement
rate was lower for phonemes such as /y/ and /e/. To visualise
these findings, we present two charts in Figure 3: 3a high-
lights the most commonly misrecognised phonemes for both
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Wav2vec2 and Whisper among non-native speakers, while 3b
presents the same phonemes for the best-performing group
of native teenagers. These results are consistent with those
reported in previous studies [3], which found that specific
vowels, such as /cey/, /@:/, and /v/, remain consistently difficult
for non-native speakers. Therefore, while Whisper generally
outperformed Wav2vec2, improvements in performance for
some challenging phonemes were not as significant.

Next, we examine how ASR systems perform for different
age groups of native speakers. Figure 4 illustrates the perfor-
mance of children and teenagers. For native children, certain
phonemes like /[/, /j/, i/, /¥/, and /@:/ are the most difficult.
These phonemes are known to be challenging for many groups,
and both Whisper and Wav2vec struggled with them. In fact,
both systems had error rates of around 35% when dealing
with words that include the /[/ phoneme, still high, as can be
seen in Figure 4a. This problem was also noted in a previous
study [3], where sibilant pronunciations caused confusion for
the ASR systems. For example, both Wav2vec2 and Whisper
substituted the word chic to ziek in some situations.

Moving on to native teenagers, ASR systems faced chal-
lenges with specific phonemes, including /v/, /j/, /[/, and /h/,
as seen in Figure 4b. These phonemes were reported in the
reference paper [3] for the same group. Error rates in common
with the children group were significantly lower. For instance,
for the phoneme /[/, we noticed a considerable error rate
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reduction. While Wav2vec2 performed slightly better than
Whisper, the differences were not significant - a pattern that
was also observed for the same phoneme in children.

When we analysed the speech of elderly participants using
our ASR systems, we noticed that both Whisper and Wav2vec2
tended to suppress the word nou. This word is often used as
a filler in spontaneous conversations and does not contribute
much to the meaning of the speech. Since this word appeared
frequently, we chose to remove it from our analysis.

We investigated the speech recognition of elderly par-
ticipants from different regions. Our findings indicate that
speakers from the southern region displayed higher error rates
for phonemes like /j/, /y/, /h/, /ei/, and /e/. While most native
elderly encounter challenges with these phonemes, the discrep-
ancies were notably evident, as Figure 5 shows. Interestingly,
the performance of Whisper remained relatively consistent
across most problematic phonemes, except for the /j/ phoneme.

V. DISCUSSION AND CONCLUSION

The results demonstrate that ASR systems can perpetuate
biases for specific groups, which aligns with previous research.
We found that female speech was recognised better than male
speech. Furthermore, teenagers’ speech was recognised most
accurately, followed by elderly speakers and children’s speech.
The worse recognition of older adults’ speech was due to less
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well articulation, highlighting the importance of considering
age-related differences in ASR system design.

Concerning non-native speakers, we found that the speech
of native Dutch speakers was significantly better recognised
than that of non-native speakers, regardless of age. A slight
positive correlation between performance and CEF proficiency
level was found, in contrast with previous research, highlight-
ing the improvement of both ASRs in capturing minor improve-
ments among non-native speech levels. Additionally, regional
accents seemed stronger for older people than for children
and teenagers, with elderly participants in the southern region
of the Netherlands exhibiting lower performance. This aligns
with previous research demonstrating that regional accents can
be challenging for ASR systems.

Comparing the ASR systems, we found that Whisper overall
outperformed Wav2Vec2. Furthermore, the relative gaps in
performance between groups, indicating the biases of the ASR,
were overall smaller for Whisper. However, for both ASRs it
is still possible to detect cases of performance disparity be-
tween groups, emphasising non-natives, children, and elderly
participants, and critical cases from the southern regions.

Our study highlights the importance of considering diversity
in ASR system design and the need to mitigate bias. Overall
accuracy is not necessarily indicative for the performance of
an ASR system for different subgroups. We think that it is
important to do research on performance measures for ASR
that address inclusion as well as accuracy. Measuring the

WER gap between various diversity groups and the results of
the phoneme analysis can already be helpful in selecting and
curating training data. An important step to move forward is
to be more transparent about the training data used in the de-
velopment of ASR systems. Furthermore, state-of-the-art ASR
systems could be finetuned with curated speech datasets and
synthetic speech data to mitigate biases and further increase
the inclusivity of these models. Acknowledging the biases
and limitations of ASR systems and striving for equitable,
inclusive, and accurate models is essential.
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