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Abstract

This paper presents a study focused on ad-
vancing Automatic Speech Recognition (ASR)
for the under-resourced language Déné Syhné
through data-centric approaches. We explore
multiple strategies to enhance the quality of
training data—both audio recordings and tran-
scriptions—to address the challenges posed
by mixed-quality datasets. Our experiments
investigate which data preparation techniques
most effectively improve ASR performance in
this context. Our findings show that reducing
spelling variants of the same lexeme in the cor-
pus significantly improves model generaliza-
tion, resulting in a substantial increase in recog-
nition accuracy. Additionally, we demonstrate
that increasing manually reviewed transcrip-
tions consistently improves word and character
error rates, while audio enhancement slightly
reduces performance, highlighting the complex
trade-offs in low-resource ASR development.

1 Introduction

Neural models have significantly expanded the
tools and resources available for processing ma-
jor languages. However, recent advances in ma-
chine learning have enabled languages with scarce
linguistic data to also benefit from these models.
Performance of neural models heavily depends on
the quality of the training data (Sambasivan et al.,
2021), yet under-resourced languages face a com-
pounding problem: data is not only scarce but also
particularly hard to obtain in high-quality form
(Kjartansson et al., 2018; Liang and Levow, 2025).

Researchers working with major languages of-
ten take data quality for granted, relying on well-
curated, validated benchmark datasets (cf. Joshi
et al., 2020) such as—in the case of speech recogni-
tion technologies—Mozilla Common Voice (Ardila
et al., 2020) or VoxPopuli (Wang et al., 2021).
These datasets, while not of uniform quality, ben-
efit from systematic curation processes and val-
idation that under-resourced languages typically
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lack. This abundance of relatively high-quality
data has naturally led the field toward model-
centric approaches in machine learning, where re-
searchers focus primarily on architectural inno-
vations and hyperparameter optimization (Bhatt
et al., 2024; Jakubik et al., 2024) or adding more
data. However, this model-centric paradigm is
ineffective for under-resourced languages, where
factors such as non-standardized orthography, in-
consistent transcriptions, and variable audio qual-
ity compound data scarcity (Lin et al., 2024; Liu
et al., 2022; Wisniewski et al., 2020; Zhong et al.,
2024). When training data contains numerous in-
correct labels, even optimal model configurations
will yield poor results. This is why, data-centric
approaches—which prioritize improving the qual-
ity and accuracy of training data over model tun-
ing—are essential for effective machine learning
(Whang et al., 2023).

While the field increasingly recognizes this chal-
lenge (Luger et al., 2025), data-centric approaches
for under-resourced languages remain largely un-
derexplored. Through our work on fine-tuning
an Automatic Speech Recognition (ASR) model
for Déné Syhiné, an under-resourced, endangered
language spoken in Canada, we demonstrate how
systematic dataset improvement can yield signif-
icant gains. We present experiments across data
refinement stages, identify key preprocessing steps,
and highlight the need for the computational lin-
guistics community to engage more deeply with
data-centric methodologies for advancing under-
resourced language technologies.

2 Backround

2.1 Déné Syhné

Déné Syhiné (ISO 639-3: chp), belongs to the Dene
(Athabaskan) language family and spoken across
Alberta, Saskatchewan, Manitoba, and the North-
west Territories by approximately 10,000 people
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(Statistics Canada, 2021). The data for this study
were collected from speakers of the neighbouring
communities of Clearwater River and La Loche in
Saskatchewan.

Like other Dene languages, Déné Suhné is
polysynthetic and predominantly prefixing, with a
large consonant inventory and phonemic contrasts
of tone and nasality (Cook, 2004). These typologi-
cal properties, combined with the absence of a fully
standardized orthography, create specific obstacles
for corpus-based work that are detailed in Sections
2.2 and 2.3.

2.2 Language data

The dataset for the present study was compiled
from three sources. The first and most significant
portion (85%) comes from the Talking Dene project
(2020-2024; PI Olga Lovick). The second por-
tion (9%) was collected by Kriukova for this study.
The third portion (4.4%) consists of verb paradigm
recordings collected by Nial Willems (2025) from
one speaker. In all three cases, participating speak-
ers explicitly consented to the use of their language
data for training the ASR model. In total, the whole
corpus for this study contained language data from
22 speakers. The total length of the audio data for
the final iteration of the model was 12 hours 35
minutes, and the number of utterances was 18,779;
however, these numbers changed over the course
of the study, as explained in detail in Section 4.

The corpus contains predominantly Déné Syhné
utterances, along with some English and Déné
Sutiné-English mixed utterances. To preserve the
model’s ability to recognize both languages, we
included all utterance types in the training and test-
ing datasets. This approach helps to prevent catas-
trophic forgetting of English that can occur when
fine-tuning on a single language (Simmons, 2025).

The audio recordings in the dataset also vary in
quality. The majority of them have good or satisfac-
tory quality, which is sufficient for successful ASR
training. Nevertheless, some recordings feature
interviews with multiple speakers and thus con-
tain occasional overlapping speech by two or more
speakers. Additionally, some audio clips have sig-
nificant background noise that, in rare cases, makes
a speech signal inaudible.

2.3 Orthographic challenges in Déné Syhné

The orthographic instability of Déné Sytiné has di-
rect, measurable consequences for ASR training
data. Our training data reflects the natural variation
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that arises when a language lacks a common written
standard. As a result, the same word frequently ap-
pears in multiple written forms, with transcribers in-
dependently applying their own perceptual spelling
strategies, especially regarding nasality and tone
(Kriukova et al., 2026). Generational variation
compounds this: younger speakers often produce
innovative verb forms—deleting prefixes, altering
morpheme order—which transcribers may render
phonetically or “correct” to conservative forms,
generating additional surface variants for the same
pronunciation (Lovick et al., 2023, 2024).

The practical effect is a training vocabulary in-
flated by spelling variants without semantic dis-
tinction. Prior to any standardization, our cor-
pus contained 17,355 unique token types; targeted
standardization of frequent forms reduced this to
14,892 (see Section 4.1.1). This reduction directly
decreased label noise and improved model gen-
eralization, motivating the data-centric approach
described in the remainder of this paper.

3 Literature Review

There is a growing body of research on ASR for
under-resourced and endangered languages. Sev-
eral studies have demonstrated that pre-trained
multilingual models generally achieve higher ac-
curacy in low-resource settings than monolingual
models (Jimerson et al., 2023; Sadeque, 2022; Ya-
dav and Sitaram, 2022). However, Jimerson et
al. (2023) found that no single ASR architec-
ture consistently outperforms others across under-
resourced languages. In their comparison of Whis-
per, Wav2Vec2, Kaldi DNN, and ESPnet2 across
11 under-resourced languages with datasets rang-
ing from 26 minutes to 19 hours, they found no
correlations between Word Error Rates (WER) and
morphological properties, dataset size, or record-
ing quality. For Whisper, the resulting WER was
ranging from 5% to almost 75%. Notably, Whisper
demonstrated superior performance for languages
with large phone sets (>37 phones).

Another critical consideration in low-resource
ASR is data partitioning, which presents unique
challenges when datasets contain few speakers
or recordings from a single speaker. Liu et al.
(2023) demonstrated that random splits provide
better training and test sets than the common “hold
speaker out” method when data is scarce. Nonethe-
less, they recommend testing multiple partition-
ing methods given the individual characteristics of



small datasets.

Furthermore, Wisniewski et al. (2020) empha-
size that training data preprocessing for under-
resourced language corpora presents different chal-
lenges than preprocessing for well-resourced lan-
guages. Unlike standard NLP preprocessing
pipelines, which can rely on established tools and
conventions, preprocessing endangered language
data is highly non-trivial and often requires de-
veloping language-specific solutions (as Section
4.1.1 illustrates). These tasks are not only time-
consuming but also demand substantial familiarity
with both the target language and the specific cor-
pus characteristics. As the authors note, the severity
of these challenges can sometimes even discour-
age computational linguists from working with the
data.

Beyond these methodological considerations,
certain linguistic factors complicate ASR develop-
ment for under-resourced languages. For instance,
code-switching, common in minority-language
communities (cf. Moore, 2018), poses significant
challenges for ASR systems (Coto-Solano et al.,
2022; Guillaume et al., 2022; Simmons, 2025).
Similarly, languages with complex orthographies
or large phoneme inventories pose particularly
demanding challenges for ASR (Adams et al.,
2019; Gauthier et al., 2016; Prud’hommeaux et al.,
2021). As Liang and Levow (2025) demonstrate,
even state-of-the-art multilingual models struggle
to accurately capture nuanced phonological con-
trasts such as tone distinctions, nasality, conso-
nant length, and vowel length—features that are
phonemic in many under-resourced languages (cf.
Jimerson et al., 2023). Furthermore, Liang and
Levow (2025) and Cavar et al. (2016) also em-
phasize that fieldwork speech data—characterized
by spontaneous speech and varied recording con-
ditions—poses challenges for ASR models trained
on standardized corpora.

The corpus we used in this study exemplifies
many of the abovementioned challenges. Déné
Suhiné lacks a fully standardized orthography and
employs written representation of nasality and tone.
Additionally, the corpus contains code-switching,
and most audio recordings were captured in field-
work settings with variable quality. The following
section details our approach to navigating these
obstacles.
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4 Methodology

4.1 Dataset improvement

The results of the baseline model iteration were
occasionally plausible but mainly unsatisfactory. It
became evident that without altering the training
data, we would be unlikely to improve the tran-
scription results. Therefore, we carefully exam-
ined our training corpus and identified the main
issues to be addressed to achieve higher-quality
transcriptions. First, spellings of individual words
varied widely across transcribers, making the train-
ing data very noisy. Second, our initial dataset
contained too many sentences that were not re-
viewed by a linguist, resulting in inconsistent word
boundary distributions and missing sentence-final
enclitics in some transcripts. Most critically, inno-
vative verb forms were spelled inconsistently and
often required a manual review. Third, some audio
clips had excessive background noise or significant
speech overlap, which could also interfere with a
model’s pattern generalization.

In the following subsections, we describe how
we addressed these data inconsistencies, while Sec-
tion 5 demonstrates the effect of these actions on
our ASR model performance.

4.1.1 Standardization of orthography

As discussed in Section 2.3, orthographic varia-
tion in Dé&né Suhné transcriptions stems from both
phonetic transcription practices and inconsistent
spelling conventions. High variation makes train-
ing data noisy, hindering the model’s ability to
generalize speech-to-text patterns. This issue is
not exclusive to word-level representations: sub-
word tokenizers, which segment words into re-
curring character sequences, are equally sensitive
to orthographic inconsistency. When the same
word form appears under multiple spellings, it may
be segmented into different subword units across
instances, further compounding the noise in the
training data. To address this, we reduced non-
phonemic variation across multiple standardiza-
tion stages and model iterations, focusing on the
most frequent word types (for full details on the
decision-making process and variant identification,
see Kriukova et al. (2026)).

In the first stage, we targeted verbal en-
clitics and enclitic combinations, writing
them separately from verbs and each other
to reduce verbal vocabulary size (e.g., # ny
d—habitual+past+assertive—instead of #inyd),



along with frequent postpositions and adverbs. In
the second and third stages, we orthographically
standardized pronouns, possessive prefixes,
numerals, remaining adverbs and postpositions,
and frequent nouns and verbs—for example, re-
placing reduced numeral spellings with full forms
(e.g., tae — taghé) and standardizing frequent
verb forms such as nézg ’it is fun’, bénasny °1
remember’, nésthén ’1 think’. In the fourth stage,
we standardized word tokens belonging to frequent
verb paradigms such as ’to be’, ’to say’, and ’to
talk’. In total, these changes reduced the ASR
training vocabulary (word-level) from 17,355 to
14,892 unique types.

It is worth noting that orthographic inconsistency
affects not only the number of word-level represen-
tations but also the number of subword units. The
model used in this study (see Section 4.4) employs
a subword tokenizer, which segments words into
recurring character sequences rather than treating
each word as an atomic unit. When the same word
form appears under multiple spellings, it may be
segmented into different subword units across in-
stances, producing inconsistent token representa-
tions that hinder model learning. Orthographic stan-
dardization is therefore important for both word-
level and subword-level tokenization. For more
information, see Kriukova et al. (2026).

4.1.2 Review of data

To address other inconsistencies in our corpus, such
as reduced verb forms, differences in word bound-
aries, and missing sentence-final enclitics, we used
two strategies. The main goal here was to increase
the number of fully reviewed transcriptions in our
corpus to improve the overall data quality. One
strategy, performed by Lovick, involved manually
reviewing and standardizing all utterances. This
strategy was the most time-intensive, requiring
30-60 minutes per minute of multi-speaker record-
ing and up to 20 minutes per single-speaker record-
ing (see also Amith et al. (2021) for another exam-
ple of manual data correction). The second strategy,
performed by Kriukova, involved partial review of
the utterances: fixing typing mistakes in both Déné
Syhné and English, correcting word boundaries,
and adding missing enclitics. This approach took
significantly less time to complete.

As a result, during this study, we completed a
partial review, targeting particular tokens and types,
of all utterances in the corpus before the last model
iteration was trained. While time constraints pre-
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vented a complete manual review, over 400 utter-
ances from different speakers were reviewed. Ad-
ditionally, some previously reviewed transcriptions
were added to the training corpus after the first
model iteration was trained.

4.1.3 Review of audio clips

Our last step in improving the dataset was the re-
view of audio clips. Our first dataset contained
14,974 audio clips with their corresponding tran-
scriptions. The majority were of satisfactory qual-
ity; however, some clips exhibited excessive back-
ground noise or speech overlap, rendering individ-
ual speakers nearly unintelligible. Since speech
overlap is a well-known cause of deterioration in
transcription quality (Alharbi et al., 2021; Meng
et al., 2024), we excluded or shortened audio clips
that contained cross-talk. Furthermore, we re-
moved clips from recordings with poor audio qual-
ity to assess the impact on model performance.
Since full manual review was not feasible given
the corpus size, these recordings were identified
through listening to samples, inspecting spectro-
grams, and number of speakers on each recording,
targeting those characterized by excessive back-
ground noise and speech overlap.

Nevertheless, during audio cleaning, we re-
moved only speech overlaps and the noisiest seg-
ments, adjusting transcriptions when necessary,
and limited removal to clips with substantial quality
issues (n=129), since Whisper models benefit from
varied audio quality (Radford et al., 2023). These
removed clips predominantly featured impulsive
noise, such as doors opening or closing, objects
falling, phones ringing, or children shouting during

play.

4.2 Training dataset

As a result of the dataset improvement efforts de-
scribed in Section 4.1, our training dataset was
continuously enhanced and updated. Therefore,
each model iteration was trained on a slightly
modified dataset. All training utterances could
be divided into four categories: 1) reviewed ut-
terances — utterances that were manually reviewed
and standardized by Lovick; 2) partly reviewed ut-
terances — utterances that underwent only a partial
review by Kriukova; 3) partly standardized utter-
ances—utterances that contain tokens that were stan-
dardized through targeted, corpus-wide standard-
ization process, but were not comprehensively re-
viewed; and 4) unreviewed utterances — utterances
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Figure 1: Status of utterances across iterations.

that were neither reviewed nor standardized. The
changes in the distribution of utterances’ statuses
from iteration to iteration are illustrated in Figure
1. The log of the changes made to the dataset is
outlined in Table 1.

Iter.
1
2

Utts.
14,974
16,442

Improvements

None

The number of fully reviewed ut-
terances was increased; the first
round of standardization was com-
pleted.

The number of reviewed and
partly reviewed utterances was in-
creased; the second round of stan-
dardization was completed.
Bad-quality audio files were re-
moved from the corpus. Some au-
dio files were edited to remove
speech overlap.

Newly partly reviewed utterances
were added to the corpus.

The partial review was completed
for all the utterances. The third
round of standardization was com-
pleted.
Reviewed
paradigms
the corpus.
The fourth round of standardiza-
tion was completed. Recordings
of paradigms were concatenated
into longer files.

16,936

16,807

18,615

18,615

of
to

19,583 recordings

were added

18,779

Table 1: A summary of the ASR model’s iterations.

4.3 Testing dataset

To track how changes to the dataset affect model
performance, we prepared a dedicated test dataset
of 100 utterances (3min 44sec). We decided to
keep the testing dataset small, so we could thor-
oughly review all the test transcriptions and audio
files within a reasonable time. Following Liu et
al.’s (2023) recommendation to avoid the “hold-
speaker out” partitioning method (see Section 3) in
low-resource settings, we selected test utterances
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randomly from different speakers. The number of
utterances required for each gender and age group
was precalculated to ensure a representative test set.
This decision is rooted in the fact that Déné Suhiné
exhibits significant age-based variation (Jung et al.,
2025), and it is important to assess how well the
model generalizes across age groups. The division
by gender was done to account for the acoustical
differences between male and female voices.

Using a Python script, utterances were randomly
sampled to preserve both gender and age balance.
Each utterance filename encodes a unique three-
letter speaker identifier, which the script used to
group utterances by speaker and retrieve their cor-
responding gender and age decade. From each
gender—decade group, the maximally even number
of utterances was drawn across the 22 speakers,
ensuring every speaker is represented in the test
set. The resulting test set comprises 50 utterances
from female speakers and 50 from male speakers.
Speaker age decades were calculated from each
speaker’s age as of 2025.

After the testing utterances were selected, each
recording—utterance pair was reviewed to ensure
that the sound quality was good enough for the test-
ing set and that there was no significant voice over-
lap. The recordings discarded for failing to meet
the aforementioned criteria were replaced with ran-
domly selected utterances from the same speaker.
All transcriptions were then reviewed by Lovick.

The utterances in the final testing dataset were
then tagged for the presence of codeswitching
(n=35) and proper nouns (or named entities; n=16)
and marked if they were English sentences (n=4).
This coding system was applied to determine
whether the presence of codeswitching or proper
nouns affects Word and Character Error Rates
(WER and CER). Additionally, to measure the ef-
fect of the audio quality on the transcription re-
sults, each recording was tagged as “Good” or
“Satisfactory”. The tag “Satisfactory” was given
in the cases when: 1) the audio from a speaker
is faint (usually due to distance from the micro-
phone); 2) low to moderate volume static noise
is present in the background (e.g., running water,
TV in another room, refrigerator, etc.), 3) low to
moderate volume non-speech vocalizations by an-
other participant are present. All other recordings
were tagged as “Good” (n=64). To estimate the
effect of each tag, we used linear mixed-effects
models with the Ime4 package (Bates et al., 2015)
in R, using ImerTest (Kuznetsova et al., 2017) to



obtain p-values via Satterthwaite’s method. WER
and CER were modeled as dependent variables.
Fixed effects included speaker gender (M/F), audio
quality (Quality: Good/Satisfactory), presence of
code-switching (CDSW: TRUE/FALSE), presence
of proper nouns (NE: TRUE/FALSE), fully English
sentences (Full_ENG: TRUE/FALSE), speaker age
(calculated from year of birth), and iteration (1-9)
(added in R). Speaker (n = 20) and audio clip (n =
100) were included as random effects to account
for the repeated-measures structure of the data.

4.4 ASR architecture

Since this study’s focus was data-centric, the model
architecture for all the iterations described be-
low was identical. All model versions were fine-
tuned from the Whisper-medium multilingual ASR
model (Radford et al., 2023) with a learning rate
of 5e-5, using the model’s default subword tok-
enizer. The fine-tuning was performed on a high-
performance computing cluster at the University
of Saskatchewan. The GPU used for the training
was Nvidia A100 (80G). Training time averaged
24 hours.

5 Results

5.1 Iteration 1

The initial model iteration served as a baseline for
measuring improvements in transcription quality in
subsequent iterations. This model was trained on
14,974 utterances, of which only 1,974 were fully
reviewed, while the rest were normalized but not
reviewed or standardized.

The baseline model achieved a WER of 81.2%
and a CER of 46.3%. These error rates,
notably higher than for major languages (cf.
Prud’hommeaux et al., 2021), stem primarily from
substantial spelling variation in the training dataset
and inconsistent word boundaries between verbs
and enclitics. Statistical analysis revealed no sig-
nificant correlation between the presence of code-
switching or proper nouns, or audio quality and
the observed error rates. However, fully English
utterances demonstrated significantly lower WER
(p =.002).

5.2 Iteration 2

The second iteration was trained after our dataset
underwent the first stage of orthographic standard-
ization (see Section 4.1.1), which included stan-
dardizing the most frequent tokens in the corpus:

enclitics, pronouns, some postpositions, and some
adverbs. In total, the dataset for this iteration con-
tained 16,442 utterances. For this iteration, we
increased the number of reviewed sentences in the
dataset from 1,974 to 2,805 by reviewing additional
raw utterances and adding one already-reviewed
transcript, for which we obtained re-consent after
our experiments began. Moreover, 5,321 sentences
were partly reviewed. As a result of our corpus
manipulations, WER and CER for this iteration
improved to 68.6% and 38.5%, respectively. Fully
English sentences continued to show significantly
lower WER in this iteration (p = .010).

5.3 Iteration 3

Due to time constraints with full reviewing, we pri-
oritized increasing the number of partly reviewed
utterances in the third iteration. Additionally, we
expanded the dataset from 16,442 to 16,936 ut-
terances by adding new, already partly reviewed
utterances and initiated a second round of stan-
dardization (see Section 4.1.1). Model retraining
revealed that WER improved to 65% in this iter-
ation, while CER remained almost unchanged at
38.6%. Compared to Iteration 2, WER dropped by
almost 4 percentage points, indicating that more
words were now transcribed correctly. These im-
provements can be partly attributed to the slightly
increased dataset but mainly to the higher number
of partly reviewed utterances, which provided a
better ratio of standardized tokens in the corpus.
Fully English sentences again showed significantly
better WER (p =.011).

5.4 Iteration 4

For the fourth iteration, we assessed how removing
poor-quality recordings and cleaning of recordings
with episodic noise would affect our model perfor-
mance. We removed 129 audio files and their cor-
responding transcriptions from the training dataset
due to poor quality (see Section 4.1.3). Addition-
ally, 2,177 audio clips were shortened to remove
loud noises overlapping with the speakers. As a
result, the WER and CER scores for this iteration
slightly worsened to 68% and 40.4%, respectively.
This decrease in transcription quality can be at-
tributed to a reduced training dataset by 129 (0.7%)
deleted utterances. Furthermore, many recordings
were shortened, reducing the overall length of the
training dataset. A mixed-effects model for this
iteration also showed that good audio quality be-
came a significant factor for transcription accuracy,
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having lower WER and CER (p = .006, p = .008).
The effect of fully English sentences on WER was
no longer significant in this iteration.

5.5 [Iteration 5

By Iteration 5, an additional set of transcribed files
became available for training, following a partici-
pant’s consent to include their recordings. To com-
pensate for data removed during the audio clean-
ing process in Iteration 4, we partly reviewed and
added 1,810 new transcriptions, thereby increasing
the overall proportion of partly reviewed data in the
dataset. The testing results for this iteration showed
65.6% WER and 38.7% CER, improving in com-
parison to both Iterations 3 and 4. These improve-
ments can be attributed entirely to the expanded
training dataset and the increased proportion of the
partly reviewed data. The significant effect of good
audio quality on lower WER and CER remained in
this iteration (p = .024 and .045, respectively).

5.6 Iteration 6

For the sixth iteration, we continued experiment-
ing with transcription quality. During this stage,
we fully completed the partial review of the utter-
ances, so that the training dataset for this iteration
consisted entirely of reviewed and partly reviewed
utterances. Additionally, we completed the third
round of standardization (see Section 4.1.1), fo-
cusing on the remaining frequent adverbs, nouns,
and verb forms. Both WER and CER for this itera-
tion decreased slightly to 65.3% and 37.9%, further
demonstrating that standardization and review of
transcription consistently reduce the model’s error
rates.

5.7 Iteration 7

For the seventh iteration of the model, we fo-
cused on improving the transcription of verbs. To
achieve this, we added paradigm recordings (made
by Willems (2025)) because their transcriptions
were fully reviewed and covered all inflectional
forms for multiple verbs. The WER and CER for
this iteration increased to 67.25% and 40.1%, re-
spectively. This deterioration in quality was some-
what unexpected. In investigating this increase,
we discovered that short, single-word recordings
can negatively affect transcription outcomes for
longer multi-word recordings (Trabelsi et al., 2024).
Given that the Déné Syhiné recordings we worked
with were predominantly in this format (one verb
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or verb phrase per recording), the observed deterio-
ration may be attributable to the short duration of
the newly added files (see Section 6 for discussion).

5.8 Iteration 8

Although the addition of paradigms in Iteration
7 led to a deterioration in model performance,
we did not remove them from the dataset for the
fourth and final round of standardization (see Sec-
tion 4.1.1). Instead, following standardization, we
conducted an experiment using two datasets: one
with paradigm recordings in their original format
(one recording per verb form) and one with verb
paradigms concatenated into longer files (4-10 sec-
onds), with silences between individual words re-
duced to a minimum. The model trained on the
dataset with concatenated paradigms yielded lower
error rates (WER 63.7%, CER 36.8%) than the
model trained on individual paradigm recordings
(WER 64.6%, CER 39.8%). Therefore, we de-
cided to use concatenated paradigms, and chose
the better-performing model as our result for Itera-
tion 8.

5.9 Observations across iterations

Across all iterations, speaker gender, code-
switching, and the presence of proper nouns did not
show significant effects on transcription error rates.
Fully English utterances in the testing dataset had
significantly lower WER in the first three iterations
(p=.002, p=.010, p =.011); however, this effect
disappeared by Iteration 4. Audio quality signifi-
cantly influenced transcription error rates only in
Iterations 4 and 5 (see Section 5.4 and 5.5).

While individual speakers showed some varia-
tion in WER (ranging from -6.9% to +6.0% relative
to average), these differences were not statistically
significant. Notably, WER and CER were increas-
ing with speaker age in Iterations 5 (p = .045) and
8 (p = .022). However, significant variation existed
among individual audio files (SD = 0.25, 95% CI
[0.21, 0.29]), indicating that some recordings were
inherently more difficult to transcribe regardless
of speaker characteristics, audio quality, or other
factors.

6 Discussion

In this study, we applied multiple strategies to im-
prove the training dataset, which mostly led to re-
ductions in model error rates (see Figure 1). Be-
low, we first discuss strategies that improved per-
formance, then those that proved ineffective, and



finally examine additional factors that may influ-
ence transcription accuracy.

The method that yielded the best results for our
model is orthographic standardization (Iter. 2, 3, 6,
8). It reduced inconsistencies in written representa-
tions of words, decreased the vocabulary size and
allowed the model to generalize more efficiently.
From Iterations 1 to 3 only, spelling standardization
contributed to decreases of 16.2 and 7.7 percentage
points in overall WER and CER, respectively.

Increasing the number of reviewed and partly
reviewed utterances (Iter. 2, 3, 5, 6, 7)—either by
reviewed existing utterances or adding new veri-
fied data—also boosted ASR performance. These
dataset reviews helped reduce typing mistakes
(in both Déné Syhné and English), made word
boundaries more consistent, and slightly decreased
spelling variation. For Iteration 5, data reviewing
allowed for 2.4 and 1.7 percentage points decreases
in WER and CER, respectively. Overall, our sys-
tematic data reviewing approach directly enabled
performance gains across model iterations.

Our concatenation experiment (Iter. 8) also
proved effective, demonstrating that short-format
recordings can be retained in the dataset without
increasing error rates. Combining paradigm record-
ings into longer audio files (4-10 seconds) miti-
gated the negative effects of single-word record-
ings. This finding may be particularly relevant for
under-resourced languages where large portions of
existing audio data were recorded in short formats
(e.g., for talking dictionaries), though it should be
noted that such transcripts are not suitable for lan-
guage model training.

In contrast, manual audio cleaning and the re-
moval of poor-quality recordings (Iter. 4) proved
inefficient, leading to higher WER and CER met-
rics. Moreover, this process caused our model to
perform significantly better on high-quality test
recordings for two iterations, thereby reducing its
robustness to the sound quality of the fieldwork
recordings. These results can be attributed to the
Whisper-medium model’s documented robustness
to varying audio quality (Gong et al., 2023), which
appears to enable our fine-tuned model to handle
background noise effectively even in low-resource
settings. However, Trabelsi et al. (2024) note that
for Whisper-base and Whisper-small, transcription
quality may benefit from enhanced audio quality in
the dataset, at least for English and French. There-
fore, we suggest that the decision to enhance audio
quality should be guided by the characteristics of

the dataset, the size of the Whisper model, and the
intended use cases for the fine-tuned model. Given
that our model will be used to transcribe fieldwork
recordings, which are typically noisier (Liang and
Levow, 2025), and may also be deployed in class-
room settings, robustness to background noise is
essential.

Similarly, retraining the model on the dataset
containing paradigm recordings in their original
format (Iter. 7) increased error rates, likely due to
the single-word-per-recording structure. Although
ASR models can be fine-tuned on various utter-
ance types, (Trabelsi et al., 2024) demonstrated that
including single-word recordings can negatively
affect the recognition of multi-word utterances.
The inability to use such recordings—particularly
those with high audio quality and verified tran-
scriptions—is undesirable in low-resource settings,
which motivated our concatenation approach de-
scribed above.

Beyond these dataset optimization strategies,
we examined whether specific linguistic and
speaker characteristics affected transcription ac-
curacy. Based on our earlier experiments with
Whisper-small conducted before this study, we
anticipated that proper nouns and code-switching
would pose challenges for the model. Specifi-
cally, Whisper-small had difficulties recognizing
Saskatchewan- and Canada-related proper nouns
(e.g., Turnor Lake, Ile-a-la-Crosse, Manitoba), and
speech with code-switching to English often re-
sulted in fully English transcriptions. However,
contrary to our expectations, neither factor sig-
nificantly affected transcription accuracy in any
Whisper-medium iteration. For instance, out of 76
English words in the test set 66 were transcribed
as English words (though not always correctly), 8
were transcribed as Déné Syhné words (e.g., nowa-
days — now dé “(lit.) now if/when’), and one was
omitted entirely. In the reverse direction, only two
Déné Suhné words were transcribed as English
(e.g., bazé ‘regarding’ — pause. This improvement
in code-switching detection, along with better tran-
scription of proper nouns, may be attributable to
the more optimal model size and the larger training
set used in this study.

Fully English sentences had significantly better
transcriptions during the first three iterations, but
later this effect had disappeared. It is most likely re-
lated to the fact that, after some standardization and
data reviewing, the model improved at transcrib-
ing Déné Suhné to the point where fully English
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sentences were no longer advantaged. Speaker
gender did not affect transcription quality in any
iteration, despite the training dataset’s gender im-
balance (68% female speakers). However, speaker
age showed a sporadic effect on WER, reaching
significance only in Iterations 5 and 8. The changes
made to the dataset before these iterations were un-
likely to have triggered this effect. Hence, given
the inconsistent pattern across iterations and the
absence of a theoretical explanation for such a re-
sult, this may reflect a Type I error due to multiple
comparisons rather than an actual effect. Further
testing on a larger dataset is required to determine
whether speaker age really affects WER.

7 Conclusions

Overall, this study contributes to the growing dis-
course on data-centric approaches for low-resource
datasets and aims to inspire further exploration
of computational methodologies for enhancing
noisy, resource-constrained data. While the im-
portance of data quality is widely acknowledged,
our work provides quantitative evidence of exactly
how much data-centric approaches can improve
model training outcomes. Our findings demon-
strate that effective ASR dataset preparation for an
under-resourced language should prioritize quality
of transcriptions and spelling standardization (if
applicable) over audio enhancement. Crucially, out
results suggest that the researchers working with
imperfect audio recordings may use them for fine-
tuning the Whisper-medium model without dramat-
ically compromising performance. These insights
require validation across other multilingual pre-
trained ASR architectures, including Wav2Vec2
(Baevski et al., 2020), to establish their broader
applicability.

As Jimerson et al. (2018) note, under-resourced
communities need to make informed decisions
about how to invest their resources when devel-
oping ASR tools for their languages. This also ap-
plies to time investment during dataset preparation:
most language communities have unlimited time
and financial resources for data curation, making
it essential to identify which preprocessing steps
lead to the best results. Through this study, we
hope to have shown which aspects of dataset prepa-
ration should be prioritized, particularly for lan-
guages with mixed-quality datasets. Moreover, our
work has revealed specific features of Whisper’s
behaviour—such as the minimal optimal recording

length in training datasets—that are relevant to de-
cisions about dataset structure. We hope that these
insights will help language communities, linguists,
and developers prioritize their dataset development
efforts more efficiently.

In our work on the Talking Dene corpus, we
plan to continue standardizing orthography to fur-
ther improve transcription quality. We also plan to
investigate the model’s feasibility for retranscrib-
ing yet unstandardized transcriptions to reduce the
corpus-reviewing workload and accelerate process-
ing of the Talking Dene corpus. Finally, we plan
to test the model with Déné Sutiné speakers and
assess its effectiveness for real-life transcription
scenarios.

Limitations

This study has several limitations that should be
acknowledged. First, our orthographic standardiza-
tion efforts require continuation to yield more statis-
tically significant and comprehensive results. The
current findings, while promising, represent only
an initial exploration. Second, our analysis was
conducted using only one ASR architecture: the
Whisper-medium acoustic model. To establish the
generalizability of our findings, validation across
other state-of-the-art ASR architectures, such as
Wav2Vec?2, is necessary. The performance patterns
observed here may be model-specific and require
broader empirical validation. Finally, this study
did not provide solutions to the out-of-vocabulary
(OQV) problem arising from a combination of the
morphological richness of Déné Syhiné verbs and
orthographic inconsistencies in their spelling, as
addressing this challenge was beyond the scope of
the current work. However, we recognize this as a
critical limitation and plan to investigate potential
solutions in future research.
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