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Abstract

While automatic speech recognition (ASR)
now achieves human-level accuracy for a dozen
or so languages, the majority of the world’s
languages lack the resources needed to train
robust ASR models. For many of these lan-
guages, the largest available source of tran-
scribed speech data consists of recordings of
the Bible. Bible recordings are appealingly
large and well-structured resources, but they
have notable limitations: the vocabulary and
style are constrained, and the recordings are
typically produced by a single speaker in a
studio. These factors raise an important ques-
tion: to what extent are Bible recordings use-
ful for developing ASR models to transcribe
contemporary naturalistic speech, the goal of
most ASR applications? In this paper, we
use Bible recordings alongside contemporary
speech recordings to train ASR models in a se-
lection of under-resourced and endangered lan-
guages. We find that models trained solely on
Bible data yield shockingly weak performance
when tested on contemporary everyday speech,
even when compared to models trained on other
(non-Bible) out-of-domain data. We identify
one way of effectively leveraging Bible data
in the ASR training pipeline via a two-stage
training regime. Our results highlight the need
to re-assess reported results relying exclusively
on Bible data and to use Bible data carefully
and judiciously.

1 Introduction

Over the past decade, advances in automatic speech
recognition (ASR) have yielded near-human lev-
els of performance on popular ASR benchmarks
for English and a handful of politically and eco-
nomically dominant languages (Hinton et al., 2012;
Amodei et al., 2016; Baevski et al., 2020; Hsu et al.,
2021). Languages with fewer resources have ben-
efited from these advances, as well, particularly
via the approach of fine-tuning from multilingual
pretrained models (Conneau et al., 2021; Radford

et al., 2023; Pratap et al., 2024). The majority of
the world’s languages, however, have insufficient
transcribed audio to train robust ASR models.

The problem is especially dire for endangered
languages, which often lack a written tradition and
a population of speakers who are able and will-
ing to share their language with outsiders (Him-
melmann, 2018; Eberhard et al., 2025). For many
such languages, the only freely available large tran-
scribed speech datasets are recordings of the Bible
produced by Christian missionary organizations.
The New Testament totals more than 30 hours of
audio, and has a unique index — book, chapter,
verse — for each utterance. These features make the
Bible a particularly attractive resource for develop-
ing speech technologies for endangered and other
under-resourced languages (Black, 2019; Meyer
et al., 2022; Pratap et al., 2024).

Prior ASR research using exclusively Bible
recordings for both training and testing often re-
ports very impressive results (Pratap et al., 2024).
Although it is sometimes noted that these record-
ings are produced by a single speaker reading text
from a restricted domain in a recording studio, it is
rarely acknowledged that such conditions often re-
sult in high accuracy regardless of the language or
architecture. Very little of this prior work explores
whether these models generalize well to fieldwork
or any other speech data produced by a variety of
speakers in more natural contemporary settings. In
this paper, we attempt to address this question with
experiments in which we train and test ASR models
with and without Bible data under a variety of con-
ditions across across 5 endangered languages and
4 widely spoken but under-resourced languages.

We replicate earlier findings that models trained
on Bible recordings yield high accuracy on test
data from that same Bible corpus, but we find that
including Bible data directly in training, by itself or
in combination with in-domain data, yields dismal
results on speech produced in everyday contem-
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porary settings, far worse than training solely on
a small amount of in-domain data. For 5 of the
9 languages, we have non-Bible data from multi-
ple sources. In these cases, we can compare ASR
performance of models trained on Bible data with
models trained on naturalistic contemporary speech
from a different domain or in a different style than
the target data (e.g., interviews vs. narratives). We
find again that models trained on Bible datasets —
despite their impressive size and high quality au-
dio — fare poorly against models trained on much
smaller non-Bible out-of-domain data. Our only
successful method for using Bible data is to include
itin an initial continued pre-training stage followed
by fine-tuning on data from the non-Bible domain.

Our results demonstrate the challenges and lim-
itations associated with using Bible data for ASR
model training. While we are not permitted to re-
lease the Bible ASR datasets, a secondary contribu-
tion of our work is the code we used to extract the
data from Bible. is and to align the audio with the
Bible texts. We will also release, with permission,
all the non-Bible datasets as ASR-ready Hugging
Face datasets.

2 Prior work

There is a growing interest in developing ASR sys-
tems for endangered and Indigenous languages,
often motivated by the demand in the linguistics re-
search and speaker communities for tools that can
facilitate transcription of audio recordings for doc-
umentary and educational purposes. This research
typically focuses on a single language of interest
(Gupta and Boulianne, 2020a; Sikasote and Anas-
tasopoulos, 2022; Shi et al., 2021; Zahrer et al.,
2020; Cavar et al., 2016), but there is some work
exploring a larger number of languages spanning
multiple families in order to explore the impact
of data collection methods and ASR architectures
(Adams et al., 2018; Jimerson et al., 2023; Liu et al.,
2024b; WisniewsKki et al., 2020).

The Bible is widely used in NLP research for
a variety of tasks beyond ASR (Gupta and Bou-
lianne, 2020b; Meyer et al., 2022; Black, 2019;
Pratap et al., 2024; Adams et al., 2019; Rista and
Kadriu, 2021; Nzenwata and Ogbuigwe, 2024; Liu
et al., 2024a), such as POS tagging (Agi¢ et al.,
2015), LLM adaptation (Ebrahimi and Kann, 2021),
typological exploration (McCarthy et al., 2020;
Kann, 2024), and machine translation (Mayer and
Cysouw, 2014; Liu et al., 2021; Domingues et al.,

2024). Our work was inspired in part by recent
findings in MT showing that combining Bible
data with fieldwork yields disappointing results
in low-resource settings for Indigenous languages.
Domingues et al. (2024) caution against using
Bible data for endangered and Indigenous MT, cit-
ing two main concerns. First, the Bible is asso-
ciated with colonial histories marked by displace-
ment, forced assimilation, and cultural suppression.
Second, the careless use of this data can increase
MT hallucinations due to its narrow domain, vo-
cabulary, and style, findings that were previously
noted by Mayer and Cysouw (2014).

3 Data

We collected data for five endangered Indige-
nous languages from two sources: FormosanBank
(Amis, Tsou, and Rukai) (Mohamed et al., 2024;
Hartshorne et al., 2024)' and the AmericasNLP-
2022 ASR Shared Task (Quechua and Bribri).
(Ebrahimi et al., 2023).2 We additionally ac-
quired or assembled ASR-compatible datasets for
four widely-spoken but under-resourced languages:
Fongbe (Laleye et al., 2016), Iban (Juan et al.,
2015), Bambara (Tapo et al., 2024), and Swabhili
(Gelas et al., 2012). For all 9 languages, we ex-
tracted and aligned the full New Testament from
the Faith Comes by Hearing (Bible.is) website.?
Table 1 provides basic information about each of
the corpora, including source, speech collection
method, number of tokens and types, duration of
audio in minutes, and the type:token ratio.

Amis, Tsou, and Rukai are endangered Indige-
nous languages of Taiwan belonging to the For-
mosan branch of the Austronesian language family.
FormosanBank includes multiple speech corpora
per language. For each of the three languages, we
use the ePark corpus (Indigenous Language Re-
search and Development Foundation, 2023b) (de-
noted in this paper as Corpus A), which here con-
sists of recordings of spontaneously delivered narra-
tives; and the ILRDF corpus (Indigenous Language
Research and Development Foundation, 2023a)
(denoted in this paper as Corpus B) which contains
recordings of a large number of speakers reading
example utterances demonstrating the usage of in-
dividual dictionary entries. From each corpus, we
select 4 hours of audio, a reasonable size for a typi-

"https://github.com/FormosanBank/FormosanBank
“http://turing iimas.unam.mx/americasnlp/2022_st.html
3https://www.faithcomesbyhearing.com/
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cal fieldwork corpus and comparable to one of the
two AmericasNLP languages.

For Swahili and Bambara, we acquired non-
Bible corpora from two distinct sources. For
Swahili, Corpus A is a dataset collected as part
of the ALFFA project, which consists of both read
speech and transcribed web news broadcasts. Cor-
pus B is Common Voice Delta Segment 12.0.* For
Bambara, Corpus A is a recently collected dataset
of recordings of Griot storytellers.” Corpus B was
created from fieldwork recordings from the 1980s
provided privately to us by a colleague. While
not currently publicly available, this corpus will be
released as a Hugging Face dataset.

The two languages from the AmericasNLP-2022
shared task on ASR are Bribri and Quechua. The
Bribri corpus consists of fieldwork recordings
made in the 2010s extracted from the Pandialectical
Corpus of the Bribri Language®, and the Quechua
data is derived from radio broadcast conversations
in the Siminchik dataset (Cardenas et al., 2018).
The Iban data consists of manually transcribed
recordings from Malaysian radio and television
programs, while the Fongbe data consists entirely
of read speech. For these four languages, only one
corpus is available, which we denote as Corpus A.

All Bible recordings and transcripts were
extracted from the Faith Comes by Hearing
(Bible.is) website. Information about the some-
what laborious extraction and alignment process
are included in Appendix A.3. We note that the
scripts originally provided with the CMU Wilder-
ness dataset (Black, 2019) are no longer compatible
with the current structure of the Bible. is website.

The datasets for Amis, Tsou, Rukai, Swabhili,
Bambara, Iban and Fongbe were split into training,
development, and test sets using a 70/10/20 ratio.
The AmericasNLP datasets for Quechua and Bribri,
which were substantially smaller, were partitioned
into 80/20 train/test splits. A development set and
a test set was created for each Bible corpus com-
parable in size to that of the non-Bible corpus or
corpora for that language.

4 Methods

All experiments are conducted with XLSR-53
(Conneau et al., 2021), a multilingual speech model
based on the wav2vec2 2.0 architecture. While

“https://commonvoice.mozilla.org/ksf/datasets
Shttps://github.com/RobotsMali- Al/jeli-asr
Shttp://bribri.net
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Figure 1: Relative degradation of WER between in-
domain and out-of-domain of models tested on non
Bible data (left) and Bible data (right)
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Figure 2: WER for models trained exclusively on Bible
data (bible); exclusively on the non-Bible data from the
other source (non-bible); and exclusively on the non-
Bible data from the same source (in-domain).

there are a number of ASR architectures that we
could have chosen, we found XLLSR-53 to provide
the best balance between efficiency, resource use,
and accuracy.’” Following a popular tutorial,® we
train a CTC layer for 30 epochs, select the best
model with the validation set, and then decode with
a trigram LM trained on the transcripts of the acous-
tic training data. We explore different experimental
configurations to probe the utility of the Bible for
ASR training.

Bible versus alternative sources: For the lan-
guages with two available non-Bible datasets, we
fine-tune XLSR-53 separately on each of the two
sources and on the Bible data, resulting in three
distinct models. Each model is then evaluated on
test sets from all three corpora. For the languages
which have only one non-Bible corpus, we do not
have an alternative source, so we instead fine-tune
separately with the one source and the Bible data,
resulting in 2 distinct models, each of which is
evaluated on both test sets.

"We found the performance of Whisper to be inconsistent
across languages and domains, supporting prior work found
Whisper to be particularly fragile to cross-domain ASR (Tapo
etal., 2024).

®https://huggingface.co/blog/fine-tune-xlIsr-wav2vec2
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Figure 3: Relative change in WER according to whether
the Bible and non-Bible datasets are combined into a
single training set or used in two-stage training, with
testing on in-domain data.

Bible as a complementary data source: For
the languages with two non-Bible sources, we com-
bine Bible data with the other sources in three ways.
(1) Train a single model on the full 30+ hours of
Bible data together with each of the two non-Bible
sources. (2) Train a single model on 5 randomly se-
lected hours of the Bible data together with each of
the two non-Bible sources. (3) Apply a curriculum-
style approach by first continuing speech represen-
tation training on the Bible data, then fine-tuning
to each of the two non-Bible sources (Kunze et al.,
2017; Khare et al., 2021; San et al., 2024). In all
cases, we evaluate the resulting models on all three
test sets. For languages with only one non-Bible
corpus, we carry out both combined trainings (full
Bible, 5h of Bible) and two-stage training, and we
evaluate on the Bible and non-Bible test sets.

5 Results

Detailed WER results for all experiments are pro-
vided in Appendix A.3. Figure 1 shows the rela-
tive degradation in WER from in-domain testing
(when the model has been trained on data from
the same source as the test set) to out-of-domain
testing (when the model has been trained on data
from a different source from the test set). While
the performance degradation on non-Bible test sets
is minimal, we see steep declines in accuracy when
training on the Bible and testing on other data.
This indicates that training and testing exclusively
on Bible data may significantly overestimate the
model’s ability to generalize to new data.

Figure 2 illustrates how models trained on Bible
and non-Bible datasets perform when evaluated
on various non-Bible test sets, either from the
same dataset (in-domain) or a different one (out-of-
domain). As expected, in-domain evaluations have
the lowest WER for each dataset. Models trained
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Figure 4: Relative change in WER according to whether
the Bible and non-Bible datasets are combined into a
single training set or used in two-stage training, with
testing on out-of-domain data.

on non-Bible data exhibit a moderate increase in
WER when tested out-of-domain, which aligns
with typical domain shift behavior. In contrast,
models trained on the Bible almost systematically
yield the worst performance, underscoring their
limited generalization to everyday speech. It is also
important to note that although the Bible datasets
are 5 to 10 times larger than the non-Bible datasets,
models trained on the Bible perform worse for
nearly all languages. Increasing the amount of
training data does not always lead to better perfor-
mance, particularly when that data does not align
well with the target use case.

Figures 3 and 4 (as well as Tables 2-10) illus-
trate the impact of different strategies for including
Bible data on in-domain and out-of-domain per-
formance. The results show that combining Bible
and non-Bible data into a single training set al-
most systematically degrades WER across both
in-domain and out-of-domain evaluations. Adding
only a small amount of additional Bible data (5
hours, typically doubling the size of the training
corpus) also consistently degrades performance.
In contrast, using a two-stage training approach —
where the model is first trained on Bible data and
then fine-tuned on non-Bible data — leads to im-
proved WER, particularly for in-domain testing.

Several factors may shed light on the unusual
behavior of models trained on Bible data. First, the
type-token ratio of the Bible texts is significantly
lower than that of other sources, indicating a lim-
ited lexical diversity (see Table 1). Second, the
vocabulary overlap between the training data of the
Bible and the test data of the non-Bible sources is
low for all languages and typically much lower than
the vocabulary overlap between the two non-Bible
sources. Figure 5 shows the relationship between
train/test vocabulary overlap and WER. We see
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Figure 5: Correlation between WER and vocabulary
overlap between the data used to train a model and the
data of the test set being evaluated with that model (co-
eff=-0.711 p<0.001). WER is lower when vocabulary
overlap is higher.

much that WER is higher when vocabulary over-
lap is low, and that vocabulary overlap across non-
Bible sources (orange markers) is often within the
range of in-domain overlap (blue and green mark-
ers), while overlap between Bible training data and
non-Bible testing data (red markers) is uniformly
low. Third, in the Bible. isrecordings, the speech
has a distinctive theatrical manner, which differs
substantially from the more natural, ecologically
collected speech of the non-Bible sources. Lastly,
although the exact number of speakers per Bible
dataset is not provided by Bible. is, we and others
(Black, 2019; Pratap et al., 2024) observe that it is
typically a few individuals and often a single male
speaker.

6 Discussion and Conclusions

While datasets derived from the Bible, by virtue of
their sheer size, ought to offer potential utility for
building ASR models, our results demonstrate the
need to use this data judiciously. Relying entirely
on Bible recordings to train ASR models yields
disappointing results with contemporary speech, as
does combining Bible data in varying quantities
with in-domain training data. Only by incorporat-
ing Bible data into a two-stage training scheme
were we able to improve performance over fully
in-domain training, even with small datasets.

In our future work, we plan to include more
languages, carry out more experiments with alter-
native sources, and to explore additional methods
for integrating Bible data. In the meantime, we
hope that the results presented here will discourage

other researchers from making broad claims about
ASR model performance for endangered and low-
resource languages based solely on models trained
and tested with Bible data.

Limitations

While we demonstrated the negative effect that
careless training on Bible data can have on ASR
performance, the underlying reasons behind these
results are still unclear. This data has many un-
usual features, including limited speaker diversity,
a restricted vocabulary, content distinct from con-
temporary issues, and a style that may not reflect
current speech and language patterns. Identifying
which — or which combination — of these factors is
beyond the scope of this short focused paper. The
goal of our work here is not to determine why Bible
data has this effect but rather to show that this ef-
fect holds regardless of the language or the domain
of the target dataset. We note that additional ex-
periments could be carried out for the languages
for which we have multiple non-Bible data sources
to see whether the results obtained on the different
data combination strategies for Bible data are also
valid with the non-Bible datasets. We again leave
these for future work.

Ethical Considerations

All of the data used for our experiments is publicly
available. The endangered language data from In-
digenous communities (Rukai, Tsou, Amis, Bribri,
Quechua) was made available for research purposes
with the consent of representatives of these commu-
nities. We do note in the paper the ethical dilemma
of using Bible data to support language reclamation
efforts of Indigenous communities, and we reiter-
ate our acknowledgment of that concern here. Nev-
ertheless, while missionary and colonial histories
have caused harm to many Indigenous communi-
ties around the world, it remains difficult to draw a
clear picture of the ethical implications surrounding
the use of Bible translations today. The versions
used in our study are all relatively recent — the old-
est dating from 2007 — and were collected with the
participation of local religious organizations with
Indigenous membership, such as the Bible Society
of Taiwan or the Sociedad Biblica de Costa Rica,
which suggests a degree of local agency in their
production and distribution.
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A Appendix
A.1 Acquiring Bible Data

Collecting data from the Bible came with its own
set of challenges. The website Bible. is provides

spoken Bible recordings in over 1,000 languages,
with audio and text. Each audio file is 5-10 minutes
and comes with an associated transcription. We
downloaded the audio in MP3 format, then used
ffmpeg to convert the audio to 16kHz mono WAV
format. We used BeautifulSoup to parse and extract
individual chapters.

The text then needed to be aligned to the au-
dio. Since we only needed sentence-level align-
ment—not word- or phone-level—we used the
Estonian model from the MAUS aligner, which
proved the most robust across different languages.
One recurring issue was that each chapter often in-
cluded an introductory segment (e.g., the name of
the book and chapter number) that was not present
in the transcription, which disrupted the alignment.
To address this, we padded the beginning of each
transcript with the expected introductory text, auto-
matically generated for most languages.

Rukai presented a unique challenge: each chap-
ter began with a 9 to 15-second spoken introduc-
tion not found in the text. To handle this, we
used an ASR model trained on Amis, a related lan-
guage. For each Rukai chapter, we transcribed the
first 20 seconds using the Amis ASR model, then
performed a sliding alignment between this ASR-
generated transcription and the gold-standard tran-
script using Levenshtein distance. We extracted all
characters in the ASR transcription that appeared
before the best match and prepended them to the
transcript. We then force-aligned the audio using
the modified transcript and discarded the aligned
segments that corresponded to the introduction.

A.2 Dataset Information

Table 1 provides information about each of the
datasets used in the paper, including the source, the
style or content, the tokens, types, minutes, and
token:type ration.

A.3 Word Error Rates

In Tables 2-10, we provide the WER for each com-
bination of model and test set for each language.
Each row represents a model trained on the data in
the first field of that row. Each column represents
the test set indicated in the first field of that column.
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Language | Source Style Tokens | Types | Minutes | TT Ratio
Bible.is read speech 208742 | 9990 | 2355 0.04
Amis ePark (A) fieldwork 18981 5449 | 240 0.28
ILRDF (B) read speech 17608 | 4984 | 240 0.28
Bible.is read speech 196900 | 3821 | 1094 0.019
Bambara | Griots (A) performance | 93527 | 5571 | 409 0.05
Fieldwork (B) conversation | 80900 | 3723 | 334 0.04
Bible.is read speech 191127 | 14944 | 2646 0.078
Rukai ePark (A) fieldwork 14685 | 7118 | 240 0.48
ILRDF (B) read speech 16907 | 6036 | 240 0.35
Bible.is read speech 137445 | 17917 | 1366 0.13
Swabhili ALFFA (A) fieldwork 102109 | 14310 | 660 0.14
CommonVoice (B) | read speech 66327 14232 | 660 0.21
Bible.is read speech 136732 | 8390 | 1992 0.061
Tsou ePark (A) fieldwork 16848 | 5784 | 240 0.343
ILRDF (B) read speech 17649 | 5674 | 240 0.321
Bribri Bible.is read speech 211038 | 10770 | 1495 0.051
AmericasNLP (A) | fieldwork 6182 1447 | 40 0.234
Fongbe Bible.is read speech 259650 | 3195 | 1420 0.01
ALFFA (A) fieldwork 55506 | 1509 | 420 0.27
Iban Bible.is read speech 176208 | 4134 | 1407 0.02
OpenSLR (A) radio show 59576 | 4197 | 420 0.07
Quechua Bible.is read speech 102943 | 28987 | 1376 0.281
AmericasNLP (A) | conversations | 19572 | 7728 | 224 0.394

Table 1: For each language and each corpus, we show the number of tokens, types, and minutes of audio, along with
the type:token ratio (TT Ratio), which is a measure of vocabulary diversity, where values near O suggest a limited

vocabulary and values near 1 indicate a more diverse vocabulary.
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Amis Source A | Source B | Bible
Source A 0.200 0.243 | 0.392
Source B 0.407 0.158 | 0.511
Bible 0.565 0.484 | 0.030
Bible small 0.578 0.458 | 0.126
Source A+Bible 0.348 0.353 | 0.186
Source B+Bible 0.380 0.140 | 0.109
2phase Bible+A 0.198 0.220 | 0.251
2phase Bible+B 0.296 0.118 | 0.284

Table 2: Word Error Rates for Amis

Tsou Source A | Source B | Bible
Source A 0.319 0.334 | 0473
Source B 0.659 0.314 | 0.775
Bible 0.636 0.639 | 0.086
Bible small 0.868 0.855 | 0.391
Source A+Bible 0.446 0.511 | 0.765
Source B+Bible 0.639 0.331 | 0.781
2phase Bible+A 0.280 0.331 | 0.252
2phase Bible+B 0.438 0.205 | 0.298

Table 3: Word Error Rates for Tsou

Bambara Source A | Source B | Bible
Source A 0414 0.726 | 0.486
Source B 0.608 0.378 | 0.548
Bible 0.723 0.815 | 0.184
Bible small 0.746 0.832 | 0.266
Source A+Bible 0.438 0.720 | 0.627
Source B+Bible 0.863 0.809 | 0.895
2phase Bible+A 0.409 0.703 | 0.318
2phase Bible+B 0.655 0.439 | 0.398

Table 4: Word Error Rates for Bambara

Rukai Source A | Source B | Bible
Source A 0.530 0.682 | 0.582
Source B 0.785 0.275 | 0.424
Bible 0.811 0.588 | 0.075
Bible small 0.787 0.578 | 0.159
Source A+Bible 0.678 0.737 | 0.708
Source B+Bible 0.863 0.383 | 0.464
2phase Bible+A 0.499 0.566 | 0.309
2phase Bible+B 0.758 0.257 | 0.259

Table 5: Word Error Rates for Rukai
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Swahili Source A | Source B | Bible
Source A 0.241 0.371 | 0.220
Source B 0.471 0.229 | 0.313
Bible 0.701 0.639 | 0.113
Bible small 0.678 0.599 | 0.152
Source A+Bible 0.404 0.633 | 0.566
Source B+Bible 0.488 0.220 | 0.345
2phase Bible+A 0.267 0.492 | 0.176
2phase Bible+B 0.442 0.184 | 0.207

Table 6: Word Error Rates for Swahili

Bribri Source A | Bible
Source A 0.881 | 0.913
Bible 0.880 | 0.089
Bible small 1.028 | 0.343
Source A+Bible 0.908 | 0911
2phase Bible+A 0.858 | 0.537

Table 7: Word Error Rates for Bribri

Quechua Source A | Bible
Source A 0.812 | 0.821
Bible 0.915 | 0.081
Bible small 0.938 | 0.213
Source A+Bible 0.851 | 0.712
2phase Bible+A 0.566 | 0.220

Table 8: Word Error Rates for Quechua

Fongbe Source A | Bible
Source A 0.270 | 0.590
Bible 0.608 | 0.155
Bible small 0.841 | 0.312
Source A+Bible 0.517 | 0.171
2phase Bible+A 0.192 | 0.139

Table 9: Word Error Rates for Fongbe

Iban Source A | Bible
Source A 0.192 | 0.249
Bible 0.440 | 0.036
Bible small 0.560 | 0.100
Source A+Bible 0.201 | 0.591
2phase Bible+A 0.156 | 0.068

Table 10: Word Error Rates for Iban



