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Abstract: Current state-of-the-art automatic speech recognition (ASR) systems
recognize typical speech (very) well. However, recent research has shown that their
performance degrades for “diverse” speech, i.e., speech that diverges from “typical”
speech due to, among others, demographic and sociolinguistic factors. In this work,
given the rapid development of ASR technologies, we examined the performance of
nine recently released ASR systems developed by Google, Microsoft, Meta, NVIDIA,
and OpenAl and three custom ASR models trained from scratch, on Dutch diverse
speech. Our results showed that although overall recognition results differ quite
substantially between the different systems, all systems show similar patterns
regarding recognition performance for diverse speaker groups: for most ASR sys-
tems and models, language proficiency differences and severe speech motor
impairment had a greater impact on performance disparities between speaker
groups than demographic or sociolinguistic factors, indicating that acoustic vari-
ability due to demographic and sociolinguistic factors is well-represented in “typical
speech” training data and consequently is well-modeled in the models. Furthermore,
we found that differences in data processing pipelines and decoding setups signifi-
cantly influenced recognition performance. Importantly, updates to company-
developed ASR systems do not always improve performance of or reduce perfor-
mance disparities between diverse speaker groups.
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1 Introduction

Automatic speech recognition (ASR) has developed rapidly in recent years. For
instance, the Microsoft ASR model supported only six languages in 2018 (Iancu 2019),
while it supported forty-seven languages and language variations in 2025 (Microsoft
2025). ASR is widely used in diverse applications, including voice assistants (Davitaia
2025; Wienrich et al. 2021; Zhang et al. 2019), search engines (Luo et al. 2025), and
health-related applications (Elhadad et al. 2025; Johnson et al. 2014; Latif et al. 2020).
Given the crucial role spoken language plays in daily life, it is essential that ASR
systems are able to recognize the large variability in speech, including that due to a
speaker’s voice, speech motor capabilities (e.g., dysarthric [a type of speech
impairment] and non-dysarthric speakers), demographic (age, gender), language
proficiency (children/age, non-native speakers), and sociolinguistic (regional) dif-
ferences, which is referred to as “inclusive automatic speech recognition” (Schar-
enborg 2021).

However, recent experimental evidence shows that state-of-the-art ASR sys-
tems — both company-developed systems (Fuckner et al. 2023; Koenecke et al. 2020;
Palanica et al. 2019; Raes et al. 2024; Roll and Graham 2025; Serditova et al. 2025;
Weilinghoff 2025; Wu et al. 2020) and custom models trained by researchers
themselves (Feng et al. 2021, 2024; Herygers et al. 2023) — do not perform equally
well across all speakers. For instance, Koenecke et al. (2020) found that five
company-developed systems developed by Amazon, Apple, Google, IBM, and
Microsoft recognized white American speakers’ speech more accurately than black
American speakers’ speech. Roll and Graham (2025) showed that ten company-
developed systems from NVIDIA, Microsoft, and OpenAl exhibited substantial
performance differences between native and non-native English speakers. Serdi-
tova et al. (2025) demonstrated that Rev AI’'s ASR system showed a lower perfor-
mance for male speakers than female speakers when recognizing Newcastle
English, while Weilinghoff (2025) showed that Whisper models (Radford et al. 2023)
from OpenAl performed differently on Nigerian and Scottish English. Beyond En-
glish, ASR performance disparities have also been observed in Dutch and Flemish
Dutch. Recent results for Dutch showed that state-of-the-art ASR systems exhibit
performance disparities due to gender, age, and regional and non-native accents
for a hybrid TDNNF-HMM model, an end-to-end (E2E) Conformer model (Feng et al.
2021, 2024; Herygers et al. 2023), and two company-developed systems (Fuckner
et al. 2023): wav2vec 2.0 (Baevski et al. 2020) from Meta and Whisper (Radford et al.
2023) from OpenAl. Furthermore, Raes et al. (2024) demonstrated that Whisper
models with different sizes (tiny, base, small, medium, and large) exhibit perfor-
mance disparities based on speakers’ (binary) gender (labels).
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Company-developed ASR systems are continuously further developed and thus
typically evaluated on English speech (Abouelenin et al. 2025; Artificial Analysis 2024;
Koenecke et al. 2020, 2024; NVIDIA 2024; Palanica et al. 2019; Roll and Graham 2025;
Weilinghoff 2025; Wu et al. 2020). An open question is how well these systems
perform on a non-English language and speech that deviates from typical speech,
which we refer to as “diverse” speech (Zhang et al. 2023a). We address this question
by evaluating the recognition performances of a variety of company-developed ASR
systems and custom models on Dutch diverse speech from speakers that cover a wide
range of acoustic variability. Following Koenecke et al. (2020), we evaluate Google
Cloud systems, including Chirp 2 (Zhang et al. 2023b) and Google Telephony (Google
Cloud 2025), the Microsoft Azure ASR system (Microsoft 2025), and Meta’s Massive
Multilingual Speech system (Pratap et al. 2024). Additionally, we evaluate NVIDIA’s
NeMo-nl system (NVIDIA 2024), and three versions of OpenAI’s Whisper (Radford
et al. 2023): Whisper-large-V2, Whisper-large-V3, and Whisper-large-V3-turbo.

Furthermore, we trained three custom Dutch ASR models from scratch using
publicly available Dutch corpora and compared their performance to the above-
mentioned systems. Training custom models aligns with the broader goal of devel-
oping fully reproducible ASR models (Peng et al. 2023, 2024, 2025) that are trained
with transparent and reproducible training data, in contrast to and as a reaction to
several company-developed systems for which the ASR architectures and training
data are unknown (e.g., Google Chirp 2, Google Telephony, and Microsoft Azure
systems, while the training data of Whisper is unknown). Moreover, company-
developed ASR systems are typically trained on large amounts of speech data, which
leads to high computational costs, which in current times of climate change and
energy crises are hard to justify (Parcollet and Ravanelli 2021). Following Feng et al.
(2024), we trained three custom models on a much smaller, Dutch speech database,
the Corpus Gesproken Nederlands (Oostdijk 2000). Wav2vec 2.0 features (Baevski et
al. 2020) have achieved state-of-the-art performance on both typical (Chang et al
2021) and atypical speech recognition tasks (Hernandez et al. 2022; Sapkota et al.
2025). Whisper features were found to be robust to diverse downstream tasks, e.g.,
keyword spotting (Chemudupati et al. 2023). To train the best custom models, we
therefore investigated the use of large-scale pre-trained features. Specifically, we
trained Dutch ASR models using acoustic features extracted from Whisper-large-vV2
and Wav2vec 2.0’s XLSR-53 (Conneau et al. 2021) and compared these to a baseline
model trained with conventional filter bank (FBank) features (Davis and Mermel-
stein 1980).

We tested the effect of demographic (age, gender), language proficiency (children/
age, non-native speakers), and sociolinguistic (regional) differences on the recognition
performance of the company-developed ASR systems and the three custom models
on two varieties of Dutch: Dutch as spoken in the Netherlands and in Flanders,
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i.e., Flemish, from the Jasmin corpus (Cucchiarini et al. 2006). To investigate the effect
of speech motor capabilities, we tested all systems and models on the dysarthric speech
from a native Dutch male speaker from the DysOne dataset (Zhang et al. 2026), since
Jasmin does not contain this type of diverse speech. Finally, we investigated the effect
of system settings of some company-developed systems on recognition performance.
To our knowledge, this work presents the first comprehensive evaluation of both
company-developed state-of-the-art ASR systems and models trained with large pre-
trained features across Dutch diverse speaker groups, and as such will be an important
milestone and benchmark for the development of inclusive ASR for Dutch.

2 Methodology
2.1 Datasets
2.1.1 Jasmin

Jasmin contains 29.9 h of Dutch read speech and 10.6 h of human-machine interaction
(HMI) speech, 17.9 h of Flemish read speech and 7.2 h of HMI speech. Both Dutch and
Flemish speech was produced by speakers from five speaker groups with binary
gender labels: NC: native children, NT: native teenagers, NOA: native older adults, NNC:
non-native children, and NNA: non-native adults. For the native speakers, regional
information is provided in the corpus. Dutch native speakers are from four accent
regions: core (C), transitional (T), northern peripheral (NP), and southern peripheral
(SP). Note, Jasmin does not contain speech from Dutch native child speakers from the
core region. The Flemish native speakers are grouped into: core (C), transitional (T),
west peripheral (WP), and Limburg peripheral (LP). Typically, each speaker provided
read and HMI speech. For the non-native speakers of Dutch and Flemish, common
European framework of reference for languages (CEFR) proficiency information was
provided for the adult speakers. The most proficient non-native speaker had a level of
B1, while most had level A2 or Al - note, no proficiency information was provided for
child speakers. Table 1 shows the number of native speakers broken down by gender
(female, male) for each age group and each region. Table 2 shows the number of non-
native speakers broken down by gender for each age group and each proficiency level
in the Netherlands and Flanders."

Following the data processing pipeline in Feng et al. (2024), the recordings were
segmented into utterance-based chunks, and silences were removed according to the

1 The demographic table regarding regional information was obtained using https://metaspeech.
ewi.tudelft.nl/ to analyze the speaker information provided in the Jasmin corpus.


https://metaspeech.ewi.tudelft.nl/
https://metaspeech.ewi.tudelft.nl/
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Table 1: Number of native female and male speakers (x, y) of Dutch and Flemish per age group per
region in the Jasmin corpus.

Age group Dutch regions Flemish regions

C T NP SP C T wpP LP
NC 0,0 15,14 11,12 9, 11 5,4 6,4 6,6 6,6
NT 9,1 2,2 10, 10 10,9 53 53 8,7 54
NOA 13,5 9,8 13,4 10,6 53 53 7,5 54

Table 2: Numbers of non-native female and male speakers (x, y) of Dutch and Flemish per age group per
proficiency level in the Jasmin corpus.

Age group Dutch speakers Flemish speakers

B1 A2 A1 Unknown B1 A2 A1 Unknown
NNC - - - 28,25 - - - 25,27
NNA 6,3 18,8 4,6 - 83 54 6,3 0,1

time stamps provided by the Jasmin-CGN corpus. The duration range of the resulting
segments is 0.2-14.4 s. The machine-generated speech in the HMI dialogues, which
was saved in one of the two recording channels, was removed, as were utterances
containing only non-linguistic content.

2.1.2 DysOne

The DysOne dataset is a bilingual (native Dutch and non-native English) and bimodal
(speech and video) dataset containing recordings of a 35-year-old male native Dutch
speaker with severe dysarthria (Zhang et al. 2026). For both Dutch and non-native
English, DysOne contains two speech types: read and spontaneous speech. In this
study, we used the Dutch part of DysOne consisting of 3.3 h of read speech and 0.4 h of
spontaneous speech.

2.2 ASR systems and models
Table 3 shows an overview of the nine company-developed ASR systems and the

three custom models trained by us that were used in this study, indicates for each
system and model whether the training data is known (Trans [parent]), and whether
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Table 3: Overview of the 12 ASR systems and models evaluated in this work. Trans denotes transparent
training data. Multi denotes multilingual systems/models.

GC GT MNL MVL MMS WV2 WvV3d WVIT NM CF Cwv2 X

API v v v v X X X X X X X X
Trans X X X X X X X X v v v v
Multi v v v v v v v v X X X X

it is a multilingual (Multi) or Dutch-only system/model, since these aspects affect
their accessibility, reproducibility, and performance.

Four of the nine ASR systems have commercial API systems: Google Chirp 2 (GC),
Google Telephony (GT), and the Microsoft Azure systems for Dutch (MNL) and for
Flemish (MVL). The other five company-developed systems were downloaded from
Hugging Face: Meta’s Massively Multilingual Speech (MMS), three versions of
Whisper of OpenAlI: Whisper-large-V2 (WV2), Whisper-large-V3 (WV3), and Whisper-
V3-Turbo (WV3T), and NVIDIA’s NeMo-nl (NM). Additionally, we trained three
custom Conformer ASR models from scratch with three types of acoustic features,
two of which were extracted from company-developed models: FBank (Davis and
Mermelstein 1980), Whisper-large-V2 (Radford et al. 2023), and Wav2Vec 2.0’s
XLSR-53 (Conneau et al. 2021), referred to as CF, CWV2, and CX, respectively.

2.2.1 The company-developed systems

Google Chirp 2 (GC) is the latest version of the Chirp model (Zhang et al. 2023b) as of
August 2025. Since our test data includes both Dutch and Flemish speech, we initially
aimed to use two Google systems, with one specifically for Dutch and the other for
Flemish. However, Google Chirp 2 only contains the Dutch language setting. Since
Google Telephony (GT) has the language setting for Flemish, we used Google Tele-
phony in addition to Google Chirp 2. Google Telephony is optimized for telephone
speech (Google Cloud 2025). For both Google systems, we performed synchronous
speech recognition using the Google Cloud API via the 2.33.0 version of Speech-to-text
V2 python package,” where the entire audio input is processed before returning
results. All utterances in our test data are shorter than 30s; therefore, no speech data

2 We also evaluated the Google Speech-to-text V1 systems in June 2024 by setting the language to
Dutch and Flemish, respectively. However, their performance was substantially worse than those of
Google Chirp 2 and Google Telephony. Therefore, in this work, we only discuss the results of the
newest release.
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from our test sets were stored on the Google Cloud. The Google Cloud API provides
free credits.

We employed the Microsoft Azure ASR system using two language settings,
ie., Dutch (MNL) and Flemish (MVL).? For both Microsoft systems, we used syn-
chronous recognition. We used Microsoft Azure API via the 1.45.0 version of Azure
cognitive services speech python package. The Microsoft Azure API provides free
credits.

We downloaded the Massive Multilingual Speech (MMS) model “mms-1b-all”
(Meta AI2023; Pratap et al. 2024) by Meta from Hugging Face for our evaluation. MMS
was built upon the framework of wav2vec 2.0 (Baevski et al. 2020). It was first pre-
trained with 491 k hours of speech in 1,406 languages and then fine-tuned on speech
from 1,162 languages (Pratap et al. 2024).

Similarly, three Whisper models (WV2, WV3, and WV3T) were downloaded from
Hugging Face. WV2 was trained on 680 k hours of multilingual speech, mostly in
English (Radford et al. 2023). WV3 was trained on even more training data than WV2,
achieving better ASR performance across languages and accents (OpenAl 2023a).
WV3T achieves comparable performance with WV3 but is optimized for faster
inference (OpenAlI 2023b). During testing, we employed beam search decoding with a
beam size of 10; we set the task to “transcribe”, the language to “Dutch”, and the
temperature parameter to 0.

NeMo-nl (NM) is an ASR system for Dutch developed by NVIDIA. NM was
downloaded from Hugging Face. NM is trained on a combination of three publicly
available Dutch datasets, containing 621h of speech data (NVIDIA 2023, 2024): (1)
Common Voice 12 (40 h) (Ardila et al. 2019), consisting of read speech from volunteers
online; (2) Multilingual LibriSpeech (547 h) (Pratap et al. 2020), consisting of read
speech from audio books; and (3) VoxPopuli (34 h) (Wang et al. 2021), consisting of
semi-spontaneous parliamentary debates. NM is trained primarily on Dutch, with
any Flemish representation being incidental (e.g., via European Parliament from
VoxPopuli or crowd sourced volunteers from Common Voice). During decoding, we
used beam search with a beam size of 10.

2.2.2 Custom ASR models

Following Feng et al. (2021, 2024), we trained Conformer-based ASR models on the
Corpus Gesproken Nederlands (CGN; Spoken Dutch Corpus) (Oostdijk 2000), using 80-
dimensional FBank features (CF), 1280-dimensional features extracted from the

3 We tested these two systems at two time points, in June 2024 and July 2025. Here, we present the
results of the Microsoft 2025 systems, with comparisons to the results of the 2024 systems described in
Section 3.3.2.
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encoder of WV2 (CWV2), and 1024-dimensional fused representations from all 24
layers of XLSR-53, following the feature extraction method used in Hernandez et al.
(2022) (CX). CGN contains both Dutch and Flemish spoken by native adult speakers
from the Netherlands and Flanders. CGN contains approximately 900 h of raw
speech recorded in a wide range of recording settings including lectures, read
speech, telephone conversations (CTS), and broadcast news (BN). The entire CGN
dataset, including both language varieties, was used for training. After segmenting
the recordings into smaller chunks, removing silent segments, and excluding ut-
terances shorter than 0.1, 690.5 h (Dutch: 424.6 h; Flemish: 265.9 h) were used as the
training set, and 6.9 h were used as a validation set.

We employed a medium-sized Conformer encoder (Gulati et al. 2020) with a
Transformer decoder. The model consists of 12 encoder layers and 6 decoder layers.
Each encoder layer has a model dimension of 256, a feed-forward dimension of 1,024,
and uses 4 attention heads. The decoder uses a feed-forward dimension of 2,048 and
has 4 attention heads. The encoder begins with a 2-layer convolutional subsampling
module with 256 channels, kernel size 3, and stride 2. Each Conformer block includes
a convolutional module with the default kernel size of 31. The Conformer model was
trained using a joint connectionist temporal classification (CTC)-attention objective
(Kim et al. 2017), with a CTC weight of 0.3, and an attention weight of 0.7. During
training, we applied two-fold speed perturbation with factors of 0.9 and 1.1, and
SpecAugment (Park et al. 2019). Model training was conducted using the ESPnet
toolkit (Watanabe et al. 2018). BPE units were set to 5,000, and the batch bin size was
set to 16 K. Training was performed for up to 50 epochs, with early stopping
(patience = 3) based on validation loss. For inference, the final ASR model was
obtained by averaging the parameters of the ten checkpoints with the lowest vali-
dation loss. During decoding, we used beam search with a beam size of 10.

The models were validated on four in-domain CGN test sets, following the split in
van Leeuwen et al. (2009): a Dutch CTS test set (1.8 h), a Dutch BN test set (0.4h), a
Flemish CTS test set (1.7 h), and a Flemish BN test set (0.9 h). Their performance on the
CGN test sets is: for the CF model, the WERs on NL-BN, NL-CTS, FL-BN, and FL-CTS are
5.9 %, 19.5 %, 6.7 %, and 22.8 %, respectively; for CWV2, the WERs are 7.0 %, 27.6 %,
8.8 %, and 31.9 %, respectively; for CX, the WERs are 5.7 %, 21.8 %, 6.9 %, and 25.7 %,
respectively. All three models achieved state-of-the-art performance on the CGN test
sets compared to results reported in (Feng et al. 2024; Patel and Scharenborg 2024;
Zhang et al. 2023a).

4 Utterances shorter than 0.1s cause errors when extracting acoustic features using Whisper-
large-V2 and XLSR-53 models.
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2.3 Evaluation

To fairly compare the decoding results of the different ASR systems and models, we
performed text normalization on both the ground truth transcriptions and the sys-
tems/models’ results. Specifically, we removed all punctuation except the apos-
trophe, since it is linguistically important in Dutch. All characters were converted to
lowercase, and Arabic numerals were transcribed into their Dutch textual forms.

We measured speech recognition performance in Word Error Rates (WERs) and
report insertions, substitutions, and deletions. We used the sclite scoring tool (Fiscus
2015) to compute the WERs. When calculating the WERs, the non-linguistic symbols in
the ground truth transcripts were ignored. In addition to WERS, we report the per-
formance disparities between different speaker groups, defined as the WER differ-
ence between two speaker groups (Feng et al. 2024).

We conducted pairwise comparisons of the estimated marginal means (emmeans)
(Lenth 2023) derived from generalized linear models (GLMs) (Nelder and Wedderburn
1972) in the R language (R Core Team 2021) to determine whether the performance
disparities between different age groups (children, teenagers, older adults, and adults),
different genders (female and male speakers), native and non-native speakers, and
different regional accents (speakers from C, T, NP/WP, SP/WP regions), are statistically
significant. We employed a gamma distribution for the GLMs because WERSs are
continuous, strictly non-negative, and typically exhibit a positively skewed distribu-
tion with variance that increases with the mean.

Since we want to investigate how each system/model performs on diverse Dutch
speech, separate GLM models were constructed for each ASR system/model, for each
language variety (Dutch or Flemish), and each speech type (read or HMI). When
evaluating the effect of age, gender, and nativeness, we employed the following GLM
function:

WER per speaker ~ Gender X GroupID

where Group IDs contain the five speaker groups of NC, NT, NOA, NNC, and NNA (see
Section 2.1.1). We used group IDs instead of nativeness and age factors due to the
structural sparsity of the data, i.e., certain demographic combinations do not exist
(e.g., the non-native speaker groups lack teenagers and older adults). When evalu-
ating the effect of regional accents, we employed the following GLM function:

WER per speaker ~ AgeRegionID

using only native speakers’ results, where AgeRegionID is a joint factor of three age
groups for native speakers (children, teenagers, and older adults) and different
regions (C, T, NP/WP, and SP/WP). We used the joint factor instead of age and region
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factors, again, due to the structural sparsity of the data, i.e., there are no Dutch
children from the core region (see Table 1).

To verify the validity of our GLMs, we employed the performance package
(Ludecke et al. 2021) in R for diagnostics. All models successfully passed the assess-
ments for posterior predictive fit, collinearity, influential outliers, and the homo-
geneity of standardized residuals. While five models (pertaining to age, gender, and
nativeness) exhibited slight underdispersion (dispersion ratios of 0.74-0.78), this
remained within an acceptable range. One model for regional accent showed over-
dispersion. However, as this model yielded only one significant comparison, the
impact on the overall results is minimal.

Since we conducted multiple comparisons, to account for the risk of Type I errors
(false positives), the resulting p-values were corrected using the Benjamini-Hochberg
(BH) procedure (Benjamini and Hochberg 1995). This correction was applied inde-
pendently to all comparisons for each factor (age, gender, nativeness, and regional
accent) within every GLM model. For each comparison, we report the corresponding
p-value and effect size measured by Cohen’s d (Cohen 1988). We did not perform
statistical testing for dysarthric speech, as the DysOne dataset contains only a single
speaker.

3 Results and analyses

3.1 Overall recognition performance of the different systems
and models

We first compared the recognition performance of the different systems and models,
evaluating them on both non-dysarthric and dysarthric speech (Jasmin and DysOne),
reporting WERs, insertions, deletions, and substitutions, and the effect of sentence
length on performance. For Jasmin, results were reported for Dutch and Flemish
read and HMI speech, separately for native and non-native speakers, and the average
across these two groups. For DysOne, results were reported for read and sponta-
neous speech, separately.

3.1.1 Overall performance on non-dysarthric speech

Table 4 shows the WER of all 12 systems and models, split for Dutch and Flemish
speech, read and HMI speech, and split for native and non-native speakers. Google
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Table 4: WERs (%) of the ASR systems and models on the Jasmin corpus. N = native speakers, NN = non-
native speakers, Avg = average over N and NN. Bold indicates the lowest WER among systems and models
for the same test set.

Model Dutch read Dutch HMI Flemish read Flemish HMI

N NN Avg N NN Avg N NN Avg N NN Avg
GC 124 276 175 235 325 265 122 192 149 213 243 225
GT 129 280 179 222 376 274 134 202 160 212 326 2538

MNL 174 322 223 261 351 292 169 242 197 248 288 264
MVL 150 303 201 238 340 273 138 208 164 232 284 253
MMS 383 709 491 583 80.7 659 369 556 440 538 748 622
Wv2 207 376 263 332 458 374 189 295 230 299 348 319
Wv3 145 311 201 279 390 317 142 229 175 251 299 270
WV3T 179 402 253 319 463 367 193 296 233 321 369 341

NM 411 690 504 564 69.0 606 374 511 426 523 559 537
CF 243 495 327 347 543 413 167 322 226 235 359 285
CWv2 265 445 325 391 539 441 229 349 275 310 391 343
X 184 428 265 276 460 338 148 276 197 218 314 256

Chirp 2 (GC) achieved the lowest WERSs (i.e., best performance) on all four Jasmin test
sets of non-dysarthric speech (Dutch read, Dutch HMI, Flemish read, and Flemish
HMI; columns Avg). Most systems claim to have very good results on English (Arti-
ficial Analysis 2024; Radford et al. 2023) .> For instance, Google Chirp 2, Whisper-large-
V3, and Microsoft Azure ASR systems achieved WERs of 6.8 %, 7.6 %, and 7.9 % on
VoxPopuli data (semi-spontaneous speech; including non-native English speakers),
respectively (Artificial Analysis 2024). We however observed large differences across
the systems in the performances for Dutch and Flemish non-dysarthric speech
(columns N and NN of Table 4). Massive Multilingual Speech (MMS) and NeMo-nl
(NM) performed the worst on non-dysarthric speech. Table 5 shows the number of
substitutions, deletions, and insertions of all 12 systems and models on all four Jasmin
test sets. For almost all systems and models, the most occurring errors are sub-
stitutions followed by deletions.

Averaged over native and non-native speakers, each system performed better on
Flemish than Dutch speech. This finding can be explained by the comparison of the

5 Excluding NeMo-nl which is a Dutch model and Massive Multilingual Speech whose aim is to work
for a lot of different languages, and consequently their performance on English is not very good.
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Table 5: Substitution (S), deletion (D), and insertion (I) error rates (%) of the ASR systems and models split
for the four test sets of the Jasmin corpus.

Model Dutch read Dutch HMI Flemish read Flemish HMI

S D I S D I S D I S D I
GC 12.0 40 15 168 6.7 3.0 105 30 14 143 56 26
GT 10.9 54 17 136 80 59 9.1 57 12 113 6.2 83

MNL 12.5 83 16 156 109 27 121 6.1 1.6 148 89 27
MVL 137 39 25 163 76 33 115 3.0 20 150 69 33
MMS 332 128 31 423 193 43 304 99 37 41 144 67
Wv2 16.3 46 55 225 71 7.8 151 36 43 190 6.8 6.1
WV3 135 40 26 195 7.1 5.1 12.2 3.1 22 162 6.8 4.0
WV3T 174 47 32 236 77 55 151 56 26 204 93 43

NM 133 353 1.8 19.0 385 31 150 259 1.7 192 316 3.0
CF 121 179 27 128 244 41 1.1 84 32 113 128 43
cwv2 170 18 37 176 212 53 146 9.1 38 144 150 49
X 135 100 3.0 146 146 46 109 58 30 114 102 4.0

performances on the native and non-native speech separately which shows that non-
native accented Dutch is much worse recognized that non-native accented Flemish
(see NN columns). Further investigation of the recognition performances for the non-
native speakers split per proficiency level showed that recognition performance for
the Flemish non-native speech was consistently much better than that for the Dutch
non-native speech (ranging from ~6 % to 15 % WER difference). Potentially, the much
better performance for the Flemish non-native speech is due to speaker character-
istics, sentence length differences, or linguistic content rather than proficiency level,
as these were fairly similar for the non-native Dutch and Flemish speakers. These
results show the importance of examining ASR performance across diverse speaker
groups, rather than focusing on an overall average.

Potentially, the differences in WER among different systems and models can be
explained by differences in how they perform for different sentence lengths. Figure 1
shows the WERs by sentence length, measured in number of words per sentence.
Across the four non-dysarthric speech test sets, sentences shorter than 5 words led to
higher WERs for all systems and models. As sentence length increased, WERS
decreased before rising again at around 15 words. Also, there is a striking similarity
in the effect of sentence length on recognition performance, with one exception:
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Figure 1: WERs for the different sentence lengths (measured in number of words per sentence) of the
Dutch and Flemish read and HMI speech from the Jasmin corpus split for the four ASR systems employed
via APIs (top row); the five ASR systems downloaded from Hugging Face (middle row), and the three
custom Conformers (bottom row).

Whisper-large-V3-turbo (WV3T) exhibited this rise at much shorter lengths than
other models, especially for Flemish, where WV3T’s WER increased sharply after 10
words for read and HMI speech. This trend is not observed for Whisper-large-V3
(WV3), which suggests that architecture compression (as described in Section 2.2.1)
might cause problems with longer sentences for WV3T.

3.1.2 Overall performance on dysarthric speech

Table 6 shows the WER and number of insertions, deletions, and substitutions of the
12 ASR systems and models on the dysarthric speech of DysOne. Overall, for our
Dutch dysarthric speaker, all 12 systems and models performed very poorly, with
WERSs far higher than those for non-dysarthric speech, exhibiting substantial per-
formance disparities between non-dysarthric speech and the severe dysarthric
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Table 6: WERs, substitution (S), deletion (D), and insertion (I) error rates (%) of the ASR systems and
models on the DysOne dataset. Bold indicates the lowest WER among systems and models on the same
test set.

Model Dysarthric read Dysarthric spontaneous

WER S D I WER S D I
GC 179.7 51.3 16.4 112.0 307.8 56.5 17.6 2337
GT 89.0 13.8 74.7 0.5 97.0 7.3 89.1 0.6
MNL 91.6 247 64.6 23 96.8 8.9 87.5 0.4
MVL 93.0 232 69.3 0.6 96.7 10.5 86.2 0.0
MMS 99.5 60.8 379 0.9 99.5 65.3 328 1.5
Wv2 103.5 61.6 7.9 34.0 151.4 62.5 9.9 789
Wv3 75.0 55.3 8.2 11.5 80.1 59.8 8.7 11.6
WV3T 80.0 56.0 16.8 7.2 85.4 52.6 245 84
NM 98.7 35 95.2 0.0 99.2 5.1 94.0 0.1
CF 93.6 11.9 813 0.4 97.0 6.9 90.0 0.1
CWv2 753 329 39.0 35 82.8 247 55.1 3.0
CX 84.8 29.2 53.7 1.9 91.4 217 68.6 1.1

speech from DysOne. Whisper-large-V3 (WV3) performed the best, while Google
Chirp 2 (GC) performed the worst on the dysarthric speech of DysOne.

The most occurring error depends heavily on the system or model: sometimes
insertions, for other systems and models, deletions occurred most frequently, with
two exceptions: the insertion rate for GC is exceptionally high, followed by that of
Whisper-large-V2 (WV2), indicating that GC and WV2 hallucinated when recognizing
dysarthric speech. Inspection of these insertions showed that these were so-called
“hallucinations” (Ji et al. 2023), i.e., recognized output “that is nonsensical, or un-
faithful to the provided source input” (Ji et al. 2023: 3). Nevertheless, overall, we thus
do not observe many hallucinations for the systems we investigated. In Koenecke
et al. (2024), when recognizing aphasia speech (a type of language disorder), hallu-
cinations were also observed in Whisper API.

Unlike non-dysarthric speech, for the dysarthric speech, sentence length has
little effect on recognition performance: the curves shown in Figure 2 for most
systems and models (10 out of 12, excluding Google Chirp 2 (GC) and Whisper-large-V2
[WV2]) are relatively flat. GC and WV2 have high insertion rates (hallucinations)
regardless of sentence length.
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Figure 2: WERs for the different sentence lengths of Dutch dysarthric read and spontaneous speech
from DysOne, split for the four ASR systems employed via APIs (top row), the five ASR systems
downloaded from Hugging Face (middle row), and the three custom Conformers (bottom row).

3.1.3 The effect of speaking style

When comparing the effect of speaking style on recognition performance for non-
dysarthric speech (see Table 4), all systems and models performed better on read
speech than on more spontaneous speech, with lower substitution, deletion, and
insertion error rates. This is in line with results in the literature, which consistently
shows that for most systems and models, non-dysarthric read speech is more intel-
ligible than spontaneous speech (Feng et al. 2024; Fuckner et al. 2023; Russell et al.
2024).

When comparing the effect of speaking style on recognition performance for
dysarthric speech (see Table 6), almost all systems and models performed better on
read speech than on more spontaneous speech, with lower substitution, deletion, and
insertion error rates. Only Massive Multilingual Speech (MMS) and NeMo-nl (NM)
obtained similar WERs on dysarthric read and spontaneous speech. For dysarthric
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speech, in general, read speech showed higher substitution but lower deletion rates
compared to spontaneous speech. We have not been able to find any studies
comparing ASR performance on dysarthric read and spontaneous speech; although,
a phonetic analysis of the speech of speakers with severe dysarthria did not show
more anomalies in spontaneous speech than in read speech (Laaridh et al. 2016).

3.2 The effect of demographic, language proficiency, and
sociolinguistic factors on recognition performance

Figure 3 presents the WERs of all ASR systems and models split for the five different
Dutch and Flemish speaker groups (NC, NT, NOA, NNC, and NNA). Overall, the
company-developed API systems — Google Chirp 2 (GC), Google Telephony (GT), the
Microsoft ASR system for Dutch (MNL), and the Microsoft ASR system for Flemish
(MVL) — and the Whisper-large-V3 (WV3) consistently achieve lower error rates for
each group of speakers, while the Massive Multilingual Speech model (MMS) and
NeMo-nl (NM) show the worst performance. Despite being trained on only ~700 h of
training data, the custom Conformer model trained with XLSR-53 features (CX) shows
comparable performance to Whisper-large-V2 (WV2) and even outperforms all sys-
tems on native Flemish teenagers’ HMI speech.
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—~ 60 NNC
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Figure 3: WERs of the ASR systems and models split for the five speaker groups.
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3.2.1 The effect of age on recognition performance

Overall, for Dutch native speakers (top row in Figure 3), for both read and HMI
speech, all systems and models performed the best on teenagers’ speech (purple
markers), followed by older adults’ speech (gray markers), while performing the
worst on children’s speech (light-blue markers). For Dutch non-native speakers, for
both read and HMI speech, most systems and models performed similarly on chil-
dren’s speech (yellow markers) and adults’ speech (orange markers).

For Flemish native speakers (bottom row in Figure 3), similar to Dutch, for read
speech, all systems and models performed the worst on children’s speech. For HMI
speech, Google Telephony (GT) performed similarly across the three age groups of
speakers (children, teens, and older adults), while the other 11 systems and models
performed the worst on children’s speech. For Flemish non-native speakers, unlike
in Dutch, for read speech, most systems and models performed better on adults’
speech than that of children. For HMI speech, some systems and models performed
better on children’s speech than on adults’, while others performed better on adults’
speech.

Table 7 presents the size of the performance disparity between the two age
groups listed in the first column for each system or model for each of the five speaker
groups, split for Dutch (Table 7a and b) and Flemish (Table 7c and d) and read and
HMI speech. For native Dutch speakers, we indeed observed substantial and sig-
nificant effects of age of the speaker group on recognition performance for children
in both read and HMI speech and for older adults in read speech across all systems
and models. While most systems and models also showed a significant age effect for
older adults in HMI speech, this was not observed for NeMo-nl (NM). For Dutch non-
native speakers (NNC, NNA), in HMI speech, only NeMo-nl (NM) showed a significant
age effect for child speech. No age performance disparities were observed between
non-native adults and children for the other 11 systems and models, consistent with
the lack of performance disparities found for the two Dutch ASR models trained from
scratch as quantified in Feng et al. (2024). For Flemish native speakers, similar to
Dutch, nearly all systems and models showed substantial age effects for child speech,
with the exception of Microsoft Azure’s ASR system for Flemish (MVL) which did not
show an age effect for read speech, and Google Telephony (GT) and Microsoft Azure’s
ASR system for Dutch (MNL) which did not show an age effect for HMI speech. For
Flemish non-native speakers, most systems and models exhibited an effect of age on
recognition performance for either children or adults, with the exception of
Microsoft Azure’s ASR system for Flemish (MVL).

Overall, for both Dutch and Flemish, most systems and models exhibited sub-
stantial age performance disparities, particularly against children and, to a lesser
extent, older adults, while patterns for non-native speakers were more variable, with
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fewer age performance disparities observed in Dutch non-native speech compared to
Flemish non-native speech.

3.2.2 The effect of gender on recognition performance

Table 8 shows the size of the performance disparities between the male and female
speaker groups for the different systems and models, split for the five speaker groups
for Dutch and Flemish and for read and HMI. Overall, most current state-of-the-art
ASR systems and models recognized the female and male speech equally well, except
for one case for Dutch, where Whisper-larger-V3 (WV3) exhibited a negligible but
significant performance disparity between female and male speakers for native
teenagers in HMI speech (d = 0.16, the row of NT of Table 8b).

This picture is in line with the literature which also shows varying results
regarding gender performance disparities in different languages and databases. For
instance, no gender performance disparities were found for English (Tatman and
Kasten 2017) and French (Garnerin et al. 2019), while a slightly better performance on
female speech was observed by (Feng et al. 2024; Fuckner et al. 2023; Herygers et al.
2023) for Dutch on the same database, for English (Adda-Decker and Lamel 2005;
Goldwater et al. 2008; Koenecke et al. 2020; Raes et al. 2024; Serditova et al. 2025), for
Arabic (Sawalha and Shariah 2013), and for French (Adda-Decker and Lamel 2005).
Conversely, Tatman (2017) observed a slight worse performance for male speech for
English and Garnerin et al. (2019) for French.

3.2.3 The effect of non-native accents on recognition performance

Overall, for Dutch read and HMI speech (top panels of Figure 3), non-native-accented
speech (yellow and orange markers) led to higher WERs than native speech (light-
blue, gray, and purple markers). For Flemish (bottom panels), most systems and
models performed better on native speech than non-native-accented speech.

Table 9 lists the size of the performance disparity between native and non-native
children and adults in the tested systems and models for Dutch (Table 9a and b) and
Flemish (Table 9c and d) and read and HMI speech. Non-native children were
compared with native children. Non-native adults were compared with native
teenagers: while native adults are not included in the Jasmin corpus, the WERs
reported in Zhang et al. (2023a) showed that Dutch ASR systems performed similarly
on native adults’ and teenagers’ speech. For Dutch read and HMI speech, all systems
and models showed significantly worse performance for non-native children and
adults. For Flemish read and HMI speech, most systems and models showed signif-
icantly worse performance for non-native children and adults. Within each system
or model, for the same speaking style and the same speaker group, the performance
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disparities and corresponding effect sizes were consistently larger in Dutch than in
Flemish. Furthermore, the largest performance disparity size observed against non-
native speakers (41.4 % in Table 9a) exceeds the size related to age (16.1 % in Table 7a)
and gender (11.7 % in Table 8h).

Overall, for Dutch, all systems and models exhibited substantial and significant
negative effects of non-native accented speech on recognition performance, which is
in line with the results reported in Feng et al. (2024) for Dutch on the same database
and in Palanica et al. (2019), Roll and Graham (2025), and Wu et al. (2020) for English.
For instance, Roll and Graham (2025) found that 10 recent company-developed sys-
tems showed large performance differences between native and non-native
speakers, with the size of the gap depending on the L1 of the non-native speaker.

3.2.4 The effect of regional accents on recognition performance

Figure 4 shows the WERs, averaged over all age groups, of all ASR systems and
models on native speech split for the four accent regions, and reported separately for
Dutch and Flemish, for read and HMI speech. Table 10 shows the maximum per-
formance disparities between native regional accents, which is computed by sub-
tracting the lowest WER (region on the right) from the highest WER (region on the
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Figure 4: WERs of the ASR systems and models for the native speech averaged over all age groups from
the different accent regions in the Netherlands and Flanders.
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left) for the four regions in the Netherlands and Flanders within an age group. WER
differences are therefore always positive.

For Dutch, overall, there are no large recognition performance differences be-
tween the different regions for children and teenagers, although some of these
smaller differences are significant as shown by the performance disparities sizes
listed in Table 10. Overall, significant performance disparities between accent re-
gions were observed for all models for the Dutch older adults, where speakers from
the southern peripheral region (SP; orange diamonds) were recognized worst (rows
NOA of Table 10a and b; top panels of Figure 4). For Flemish, no large regional
performance disparities were observed; although five cases of performance dis-
parities were significant with small to medium effect sizes (see the row NC of
Table 10c).

Overall, for both Dutch and Flemish, the performance disparities between
regional accents are not as frequently observable nor as large as the performance
disparities due to non-native accents and age. However, Weilinghoff (2025) reported
that most Whisper models achieved lower WERs on Scottish English than on Nigerian
English, indicating regional performance disparities, and Feng et al. (2024) also found
regional performance disparities in Mandarin.

3.3 The effect of system settings

3.3.1 The effect of data processing pipeline and decoding parameters on
recognition performance of Whisper models

In this work, similar to Fuckner et al. (2023), we tested Whisper-large-V2 (WV2) on
Jasmin; however, we obtained worse results — our WERs on Dutch and Flemish read
and HMI speech ranged from 23.0 % to 37.4 % (row WV2 in Table 4), while Fuckner
et al. (2023) reported WERs ranging from 13.3 % to 20.5 % (not shown in the tables of
this work).

Through personal communication with the first author of Fuckner et al. (2023),
we identified two key differences between their and our experimental setups: (1) the
Jasmin data processing pipeline: we segmented the audio into short segments (Sec-
tion 2.1.1), with one utterance per file, while Fuckner et al. (2023) decoded longer
audio files (several minutes). (2) Decoding setups: we set the temperature to 0.0
(beam search), with a beam size of 10. Fuckner et al. (2023) used non-zero temper-
ature values: 0.2, 0.4, 0.6, 0.8, 1.0 (greedy search). To investigate the effect of the data
processing pipeline and decoding setups, we created long audio files by concate-
nating the short segments from the same original audio file according to their
original time order using SOX (Chris et al. 2021), resulting in long, concatenated
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Table 11: WERs (%) of Whisper-large-V2 (WV2) and Whisper-large-V3 (WV3) on Dutch read and HMI
speech and Flemish read and HMI speech using the long, concatenated speech segments. Bold indicates
the lowest WER for WV2 or WV3 systems for the same test set. Our setting: temp. = 0.0; beam size = 10.

Model Decoding parameters  Dutch read Dutch HMI  Flemish read Flemish HMI

Wv2 Fuckner et al. (2023) 14.5 254 10.4 20.6
Radford et al. (2023) 144 24.9 10.2 20.3
Our setting 14.5 25.0 9.6 21.3
Wv3 Fuckner et al. (2023) 19.0 24.7 15.9 20.5
Radford et al. (2023) 19.1 253 15.8 21.3
Our setting 1233 107.5 68.9 67.4

speech segments of 20.0-1,139.8 s. Please note that our long audio files are not
identical to those in Fuckner et al. (2023) because we aimed to ensure that the only
difference between the current and our previous Whisper experiments (see Section
3.11) is the duration. The small duration differences are due to different pre-
processing strategies resulting in different parts of the audio files to be kept and
removed between the two strategies. Next, we used Whisper-large-V2 (WV2) to
decode long audio files with Fuckner et al’s and our decoding parameters. Addi-
tionally, we used the original Whisper paper’s decoding setup (Radford et al.
2023) - temperatures of (0.0, 0.2, 0.4, 0.6, 0.8, 1.0). The first block of Table 11 presents
the WERs.

To start with the effect of the decoding parameters, this effect is relatively small
with similar results for the three settings. However, decoding long audio showed a
substantial WER reduction compared to decoding short audio (row WV2 of Table 4 vs.
rows WV2 of Table 11). This performance gap is likely due to the strong language
modeling capability of the WV2 decoder, which can leverage broader linguistic
context in long-form speech. The choice of data processing pipeline should however
depend on the application: decoding short, utterance-based audio segments (as in
our setup) is suitable for voice assistants and interactive systems, where speech is
processed turn by turn. Decoding longer audio segments, as used in Fuckner et al.
(2023), is more suitable for tasks involving continuous speech, such as lectures or
broadcast transcriptions. Thus, while the long-audio setting yields lower WERs on
the Jasmin corpus, the utterance-based setting remains representative and practical
for some real-world applications.

We then conducted the same set of experiments using Whisper-large-V3 (WV3)
to examine the influence of the data processing pipeline and decoding parameters on
the latest Whisper model. As shown in the second block of Table 11, when using both
Fuckner et al’s and Radford et al’s decoding parameters, the performance
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improvement from decoding long audio was smaller than that observed for WV2 (on
average across the four test sets, the absolute WER improvement was 4.1 % for Wv3
and 12.2 % for WV2; row WV3 of Table 4 vs. rows WV3 with Fuckner et al’s and
Radford et al’s parameters in Table 11. WERs (%) of Whisper-large-vV2 (WV2) and
Whisper-large-V3 (WV3) on Dutch read and HMI speech and Flemish read and HMI
speech using the long, concatenated speech segments. Our setting: Temp. = 0.0; Beam
size =10.). Notably, when using our decoding parameters, WV3 hallucinated severely,
yielding WERs greater than 100 % for Dutch and producing degraded results for
Flemish compared with those obtained using Fuckner et al.’s decoding parameters.
These results clearly show that Whisper’s performance is sensitive to (the combi-
nation of) the decoding configuration and the employed data processing (see rows
WV3 of Table 11). Previous discussions have noted that certain combinations of
deterministic decoding and long audio files can produce runaway hallucinations
even for high-quality models (Brown 2026). Our results provide empirical evidence
supporting this observation and further indicate that Whisper-large-V3 exhibits
hallucinations more frequently than Whisper-large-V2 (GitHub Users 2023, 2024;
OpenAlI 2023b, c).

Overall, when processing long audio, WV2 performed worse on speech from
native older adults, native children, and non-native children and adults compared to
native teenagers (Fuckner et al. 2023), which was in line with our findings. However,
when comparing female and male speech, Fuckner et al. (2023) found that overall,
WV2 performed better on female speech; however, we did not find significant per-
formance disparities between female and male speakers.

3.3.2 Does a new release also mean an improved model?

Asindicated in Section 2.2, we started our research in 2024. Comparing the results we
obtained in 2025 against those from July 2024, we noticed unexpected performance
differences between the various versions of the Microsoft Azure system. Figure 5
presents the WERS of the MNL (Microsoft Dutch) and MVL (Microsoft Flemish) sys-
tems obtained in June 2024 (blue circles) and July 2025 (red circles) across the five
speaker groups for the four speech types: Dutch read and HMI speech and Flemish
read and HMI speech. In summary, the 2025 version of the Dutch system (MNL)
performed worse than the June 2024 version for 19 out of the 20 cases, with the
exception of Flemish non-native adults’ HMI speech. In contrast, both versions of the
Flemish system (MVL) (blue and red squares, respectively) showed very similar
performance across all cases. These results indicate that, after one year of updates,
the performance of the Microsoft Azure system for Dutch (MNL) degraded, whereas
the performance of the Flemish system (MVL) remained nearly unchanged.
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Figure 5: WERs of the MNL and MVL systems for Dutch and Flemish obtained in June 2024 (blue circles)
and July 2025 (red circles).

When looking at the performance disparities between different speaker groups,
we observed that the performance disparities related to age, gender, non-native and
regional accents remained unchanged for the Flemish system. For the Dutch system,
performance disparities related to age, gender, and regional accents remained
nearly unchanged. However, the performance disparities between non-native adults
and native teenagers’ speech were reduced for Dutch HMI, Flemish read, and
Flemish HMI speech.

4 General discussion and conclusions

Previous research on performance disparities between different speaker groups in
Dutch ASR systems has either focused on a single language variety, e.g., Dutch (Feng
et al. 2021, 2024) or Flemish (Herygers et al. 2023), or did not separate the two
language varieties but treated them as one language (Fuckner et al. 2023). Moreover,
previous research examined the performance of several company-developed sys-
tems (Fuckner et al. 2023) or trained-from-scratch models (Feng et al. 2021, 2024;
Herygers et al. 2023). Our study extended previous research by examining perfor-
mance disparities in ASR for Dutch and Flemish, separately, evaluating nine
company-developed ASR systems from Google, Microsoft, Meta, NVIDIA, and OpenAl,
and three custom models trained from scratch on two databases: the Jasmin corpus
and the Dutch subset of the DysOne dataset containing speech from a single speaker
with severe dysarthria. The three custom models were trained to examine how ASR
models trained with transparent and reproducible training data perform on diverse
Dutch speech, which aligns with the broader goal of developing fully reproducible
(Peng et al. 2023, 2024, 2025) and computationally less-expensive ASR models (Par-
collet and Ravanelli 2021).
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Among all systems and models, Google Chirp 2 (GC) through API showed the best
overall performance across the non-dysarthric speech test sets: Dutch read and
human-machine interaction (HMI) speech and Flemish read and HMI speech. GC
typically performed best for the native teenagers, native older adults, and non-native
adults, across Dutch and Flemish read and HMI speech. For native children, Google
Telephony (GT) and the Microsoft Azure system for Flemish (MVL) through API
typically performed best. For non-native children, MVL and GT typically performed
the best. Of the custom models, the Conformer model using XLSR-53 (CX) features
outperformed the Conformer models trained with Whisper and FBank features
(CWV2 and CF) on non-dysarthric speech, although the performance disparities
related to demographic, language proficiency, and sociolinguistic differences were
not reduced compared to the other two models. Importantly, with only ~700 h of
training data, the Conformer model using XLSR-53 (CX) features showed similar
performance and performance disparity patterns as Whisper-large-V2, showing that
with a magnitude less data and computational time needed, similar performance can
be obtained for custom models compared to high-performing company-developed
models.

Whisper-large-V3 (WV3) performed the best on the dysarthric speech. However,
with a WER higher than 75 %, it is still far from usable in practice. Dysarthric speech
varies widely in articulation, severity, and etiology, nevertheless, our results for our
speaker are in line with extensive results in the literature on severe dysarthric
speech recognition. For instance, De Russis and Corno (2019) showed that three
company-developed systems yielded 78.2%-89.1 % WERs, and a more recent study
showed 49.4%-65.2 % WERs for eight company-developed systems on English severe
dysarthric read speech (Alsayegh and Masood 2025). Note that our dysarthric speech
also included spontaneous speech, which is worse recognized than read speech (see
Section 3.1.3).

This work predominantly focuses on examining performance disparities be-
tween different speaker groups classified by demographic factors, assuming that any
performance disparities are due to acoustic characteristics shared by the speaker
group. However, additional explanations for the found performance disparities
exist. There is increasingly more evidence that linguistic, e.g., sentence structures
and word categories (Hui et al. 2019; Lopez et al. 2022; Mansfield et al. 2021), and
prosodic features, e.g., hesitations and speaking rate (Lopez et al. 2022; Meng et al.
2022), can influence ASR performance differently and systematically across speaker
groups. Importantly, different speaker groups may systematically differ in the dis-
tribution of the sentence types they produce and are prompted to read (Wan et al.
2024). Therefore, observed ASR performance disparities across demographic groups
and speech types may partially reflect differences in linguistic structure and prosodic
features in addition to speakers’ demographic labels. A systematic analysis of
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linguistic and prosodic features will be a promising future work to interpret the
sources of performance disparities.

Overall, all systems and models showed highly similar performance disparity
patterns. Most performance disparities occurred due to severe speech motor
impairment, non-native accents, followed by age, though some performance dis-
parities were found due to differences in regional accents and gender differences. To
conclude, our results showed that, for most ASR systems and models, language
proficiency differences and severe speech motor impairment had a greater impact
on performance disparities than demographic or sociolinguistic factors indicating
that acoustic variability due to demographic and sociolinguistic factors is well-
represented in “typical speech” training data and consequently is well-modeled in
the models. Finally, our analyses of the role of system settings showed that the test
data processing pipeline and decoding parameters play an important role in per-
formance and that updates to company-developed systems do not always lead to
improvements.
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