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Abstract

Natural Language Processing is a crucial fron-
tier in artificial intelligence, with broad appli-
cation across public health, agriculture, edu-
cation, and commerce. However, due to the
lack of substantial linguistic resources, many
African languages remain underrepresented in
this digital transformation. This article presents
a case study on the development of linguis-
tic corpora for three under-resourced Kenyan
languages, Kidaw’ida, Kalenjin, and Dholuo,
with the aim of advancing natural language pro-
cessing and linguistic research in African com-
munities. Our project, which lasted one year,
employed a selective crowd-sourcing methodol-
ogy to collect text and speech data from native
speakers of these languages. Data collection
involved (1) recording and transcribing conver-
sations and translating the resulting text into
Kiswahili, creating parallel corpora, and (2)
reading and recording written texts to gener-
ate speech corpora. We made these resources
freely accessible on open-research platforms,
namely Zenodo for the parallel text corpora and
Mozilla Common Voice for the speech datasets,
thereby facilitating ongoing contributions and
developer access to train models and develop
Natural Language Processing applications.

1 Introduction

Natural Language Processing (NLP) has become
a vital component of modern artificial intelligence
(AI), shaping various sectors from healthcare to
commerce. In recent years, advances in hardware,
sophisticated algorithms, and the availability of
large text data sets have enabled NLP systems to
deliver unprecedented capabilities, transforming
many aspects of human activity (Chollet, 2021).
Generative AI tools, such as ChatGPT, exemplify
the reach and impact of NLP innovations. However,
these advances have exacerbated the global digi-
tal divide, particularly in linguistic terms. Many
African languages, including those indigenous to

Kenya, remain excluded from these developments,
limiting access to critical information and techno-
logical benefits for their speakers (Nekoto et al.,
2020).

The linguistic divide is rooted in historical in-
equalities that stem from colonialism, which im-
posed foreign languages such as English, French,
and Portuguese as the official means of communi-
cation in Africa. These languages dominate educa-
tion, governance, and technology, often at the ex-
pense of indigenous languages (Bamgbose, 2011).
Language policies in education, while sometimes
supportive of mother-tongue instruction on paper,
often lack practical implementation mechanisms
(Awuor, 2019). This legacy has led to the marginal-
isation of a large part of the African population,
who do not speak these colonial languages fluently,
restricting their access to essential information and
the technological tools developed for those lan-
guages (Nduati, 2016). During the COVID-19 pan-
demic, for example, critical public health infor-
mation in Kenya was predominantly disseminated
in English and Kiswahili, excluding speakers of
indigenous languages, especially in rural areas.

This linguistic exclusion underscores the urgent
need to integrate African languages into AI and
NLP technologies. Building high-quality linguistic
corpora for underrepresented languages is crucial
to enable language technologies such as machine
translation, speech recognition, and speech syn-
thesis for African languages. In this context, our
project focused on developing language corpora for
the three Kenyan languages Kidaw’ida, Kalenjin,
and Dholuo, by collecting text and speech data and
translating the text data into Kiswahili to generate
parallel corpora. These resources are intended to
facilitate the development of NLP applications that
meet the needs of African communities, thereby
promoting linguistic diversity in AI development.

In the last five years, there has been a surge in
NLP activity for African languages. There is a
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Figure 1: Distribution of NLP activity in Africa based
on the number of NLP terms appearing in relation to
each country in public sources

need to get an overall picture of what is being done
and where. A search for “African language NLP”
reveals a concentration of activity in only a handful
of countries, among them South Africa, Nigeria,
Ethiopia, Kenya, and Ghana. This state of affairs
is depicted in Figure 1 based on the number of
mentions of specific African languages in publicly
available Internet sources. Although our project
focused on only three Kenyan languages, one ob-
jective of this article is to inspire others to initiate
similar projects across the African continent and to
ensure that no language is left behind.

This research aimed to answer the following
questions:

1. What methods are effective in acquiring
data for building language corpora for low-
resource languages?

2. What can motivate members of target lan-
guage communities to contribute language
data?

3. What methods can be applied to ensure the
quality of the language data collected?

2 Background on Kidaw’ida, Kalenjin
and Dholuo

In this section, we provide background information
on each language and describe any language data
available for it. We also describe the status of the
language with respect to NLP resources.

2.1 Kidaw’ida (ISO 639-3 Code: dav)
Kidaw’ida is a Bantu language spoken Kenya by
approximately half a million people in Taita Taveta
County in Southeastern. Apart from the Bible,

and the Anglican Hymn Book, few publications
in Kidaw’ida can be found. Frank Mcharo and
Peter Bostock published, in Kidaw’ida, a small
71-page book on the customs and traditions of the
W’adaw’ida (Mcharo, 1995). This is a copyrighted
resource and can only be used with permission. Fur-
thermore, it is only available in print. Although on-
line articles, social media posts and self-published
story books written in Kidaw’ida are known to
exist, they are hard to discover and consolidate. In-
deed, social media platforms like Facebook, X and
WhatsApp could be a rich source of Kidaw’ida text,
but to extract it from the mixture of languages used
on such platforms presents a significant challenge.

Kidaw’ida faces the threat of glottophagy from
the more dominant Kiswahili due to their close geo-
graphical proximity and the intermingling of speak-
ers of different Kenyan languages. Glottophagy is
a term coined by the French linguist Louis-Jean
Calvet (Calvet, 1974) to describe the “eating” of
a language by a more dominant one. It perfectly
captures what is arguably the greates current threat
to Kidaw’ida. This threat is witnessed in real time
as Kiswahili words are rapidly replacing Kidaw’ida
words in day to day conversations. Under normal
circumstances, borrowing of words is a boon to
a language as it gives the language words that it
lacks, thus strengthening the expressive power of
the language. But the replacement of words when
not necessary is very concerning as it could mean
the erosion of the culture and the loss of crucial
indigenous knowledge. This is not to deny the in-
evitable evolution of all languages, but rather to
raise an alarm about the rapidity of the change af-
fecting languages like Kidaw’ida that are spoken
by a small population and that are threatened by a
dominant language.

2.2 Kalenjin (ISO 639-3 Code: kln)
Kalenjin is a Nilotic language, belonging to the
Eastern Nilotic branch of the Nilo-Saharan lan-
guage family. It is primarily spoken by the Kalenjin
people, who predominantly reside in the Rift Valley
region of Kenya, particularly in counties such as
Uasin Gishu, Elgeyo-Marakwet, Bomet, Baringo,
Nandi, and Kericho. The language is also spoken
by smaller populations in parts of Uganda and Tan-
zania (Naibei and Lwangale, 2018). The Kalenjin
people are part of the larger Nilotic group that mi-
grated from the Nile Valley to the East African
Great Lakes region thousands of years ago (Che-
limo and Chelelgo, 2016). The migration process,



which began around the fifteenth century, saw the
Kalenjin spread across the Rift Valley and into the
surrounding areas. As a member of the Eastern
Nilotic group, Kalenjin shares linguistic features
with other languages such as Turkana, Pokot, and
Maasai, all of which are spoken by ethnic groups
in the same region (Naibei and Lwangale, 2018).
Kalenjin holds significant importance in the cul-
tural and social life of its speakers. It is used for
daily communication, in traditional ceremonies,
and in storytelling, with oral literature being a vital
part of Kalenjin cultural identity. However, similar
to many African languages, Kalenjin use in formal
domains like education, governance, and media is
limited. In Kenya, English and Kiswahili dominate
in these sectors, relegating Kalenjin primarily to
informal communication (Ogot, 2002). Kalenjin,
like other indigenous languages in Kenya, faces the
challenge of language shift, where younger gen-
erations tend to prefer English and Kiswahili for
social mobility and economic opportunities. De-
spite this, the language remains a central part of
Kalenjin identity and continues to be passed down
through generations, particularly in rural areas.

2.3 Dholuo (ISO 639-3 Code: luo)

Dholuo is a Nilotic language belonging to the West-
ern Nilotic branch of the Nilo-Saharan language
family. It is primarily spoken by the Luo ethnic
group, which resides predominantly in the western
parts of Kenya, along the shores of Lake Victo-
ria, and parts of Tanzania and Uganda (Omulo and
Williams, 2018). The language traces its origins
to the migration of Nilotic peoples from southern
Sudan, who gradually settled in the Great Lakes re-
gion of East Africa around the 15th century (Heine
and Nurse, 2000). As a Western Nilotic language,
Dholuo shares linguistic similarities with other lan-
guages in that family, such as Acholi and Lango
spoken in Uganda and South Sudan.

Dholuo plays an important role in the cultural
and social life of the Luo people, serving as a
medium of communication in daily life, traditional
practices, and artistic expressions such as music
and oral literature. However, its usage is restricted
to informal settings, as English and Kiswahili domi-
nate formal domains such as education, governance,
and commerce in Kenya (Nduati, 2016).

2.4 Challenges Facing Low-Resource African
Languages

The challenges faced by the three languages in
this study exemplify common barriers that prevent
low-resource African languages from becoming
digitally viable for NLP applications. Drawing
from the experiences with Kidaw’ida, Kalenjin,
and Dholuo, we identify the following critical gaps
(Mbogho et al., 2025):

1. Insufficient Digital Resources: Comprehen-
sive text corpora, speech recordings, and anno-
tated datasets are scarce or non-existent. With-
out substantial linguistic data, it is challenging
to develop effective NLP applications such as
speech recognition, machine translation, and
language generation.

2. Limited Research Capacity: Low-resource
language research typically requires speak-
ers of the language with relevant technical
training. Smaller language communities face
challenges in finding researchers with both
linguistic knowledge and NLP expertise to
spearhead such initiatives.

3. Lack of Institutional Support: Formal do-
mains such as education, governance, and me-
dia predominantly use dominant languages
(English and Kiswahili in Kenya), relegating
indigenous languages to informal communi-
cation. Language policies, while sometimes
supportive on paper, often lack practical im-
plementation mechanisms (Awuor, 2019).

4. Community Engagement Challenges: While
there is initial excitement, sustaining long-
term community participation in language
data collection projects requires consistent
engagement and appropriate remuneration.
Volunteers need motivation beyond linguistic
preservation alone.

5. Digital Marginalisation Risk: Without sub-
stantial efforts to build linguistic resources
and NLP tools, low-resource languages face
digital extinction, where speakers are ex-
cluded from AI-powered communication tech-
nologies and digital services.

6. Resource Scalability: Current African lan-
guage projects generate modest datasets (tens
of thousands of tokens or hundreds of hours of



speech), while state-of-the-art language mod-
els require massive datasets in the order of
trillions of tokens (Liu et al., 2024). Methods
must be scalable and sustainable.

3 Related Work

Many African languages are primarily oral, with
limited written materials and even less avail-
able electronically. This means that standard ap-
proaches to the harvesting of online data, such as
web crawling, are excluded in many cases. There-
fore, for many African languages, researchers must
rely on other methods to collect data, such as field-
work, community involvement, and collaborations
with native speakers. By actively seeking and col-
lecting data through these means, researchers can
ensure that their work is inclusive and representa-
tive of the diverse linguistic landscape of Africa.
This section reviews a few examples of other re-
searchers’ approaches to building African-language
corpora from which we drew inspiration for our
own project.

Kencorpus (Wanjawa et al., 2023) is a corpus of
Kiswahili, Dholuo, and Luhya, three of the most
widely spoken languages in Kenya. The corpus
includes text documents, voice files, and a question-
answering dataset. Data collection was conducted
by researchers who were deployed to communities,
schools and media houses. Kencorpus collected
4,442 text sentences and 177 hours of recorded
speech. From the raw data, the project annotated
Dholuo and Luhya texts with part-of-speech tags
and created question-answer pairs for the Kiswahili
corpus. In addition, a parallel corpus was created
by translating the Dholuo and Luhya datasets into
Kiswahili.

Adelani et al. (2021) used online news sites to de-
velop named entity recognition (NER) datasets for
ten African languages: Amharic, Hausa, Igbo, Kin-
yarwanda, Luganda, Luo, Nigerian-Pidgin, Swahili,
Wolof, and Yorùbá. The data consisted of about
30,000 sentences that were annotated for the NER
task. The population sizes of the speakers of the
ten languages range from 4 million for Dholuo to
98 million for Kiswahili. Volunteers annotated the
raw data with entity labels for person, location, or-
ganisation and date. The annotators were part of
the Masakhane community and were not paid but
were included as co-authors on the paper. Multiple
annotators of the same entities provided reliability
and quality assurance. This approach offers a vi-
able alternative to the more common paid or unpaid

crowd-sourcing approach. Volunteers who are part
of a community such as Masakhane that has been
organised for language work are already motivated
and knowledgeable and may be better prepared to
participate.

Nakatumba-Nabende et al. (2024) developed text
and speech resources for four Ugandan languages
and Kiswahili. The four Ugandan languages are
Luganda, Runyankore-Rukinga, Lumasaba, and
Acholi. Some of the text data were created by trans-
lating English text into the five African languages.
The English text was obtained from various pub-
lished sources, including English Wikipedia, social
media, online local newspapers, story books, nov-
els and human rights charters. In addition to gener-
ating data for the African languages, this process
also generated parallel corpora for English and the
African languages. Additional text was obtained by
recruiting native speakers through crowd-sourcing
to write sentences and review them for quality. Due
to a lack of access to computers, some contribu-
tors wrote their sentences by hand, which had to
be typed later. Text sentences were later read by
native speakers, again through crowd-sourcing, and
recorded to generate speech corpora. Five paral-
lel text corpora were created consisting of 40,000
sentence pairs each. The project also recorded 582
hours of Luganda speech and 1100 hours of Swahili
speech.

Ogayo et al. (2022) built a speech synthesis
dataset for 11 African languages: Dhouo, Lin-
gala, Kikuyu, Yoruba, Hausa, Luganda, Ibibio,
Kiswahili, Wolof, Fongbe and Suba. The data con-
sisted of a total of 65,537 utterances distributed
unevenly across languages, ranging from 125 to
11,971 utterances. These utterances corresponded
to a total of 113.84 hours of recordings, ranging
from 0.33 to 24.82 hours. Religious texts and other
online and print sources were used as data sources.
The data were supplemented with contributions
from recruited participants. To help encourage
community participation, comprehensive guidance
on data collection methods and data licensing was
provided. Due to the quality of speech required
for speech synthesis, voice talents were carefully
vetted and remunerated in cash and kind.

The examples discussed in this section give an
idea of the kinds of activities that are going on
in corpus building for African-language NLP, and
suggest approaches that have been shown to work
well and that others can emulate. It is essential
to note that these examples focus on specific re-



gions and languages and only partially represent
Africa’s linguistic diversity. They also offer only
a glimpse into the significant amount of ongoing
NLP work (including corpus building) in Africa.
As momentum in African language technologies
builds, researchers need to be intentional in ensur-
ing that no language is left behind and that global
inequalities are not replicated locally.

As these examples show, current African lan-
guage projects, regardless of the methods used,
only generate modest amounts of data, typically
tens of thousands of tokens or hundreds of hours
of recorded speech. On the other hand, the lat-
est advances in NLP are in large language models
(LLMs), which require massive datasets. Llama 2
from Meta was trained on 2 trillion tokens (Tou-
vron et al., 2023); OpenAI’s latest LLM was trained
on even more data than this, although the specifics
have not been officially disclosed. Therefore, it
is important that the methods employed for data
collection are scalable and sustainable to support
more expansive research efforts across the conti-
nent. This is a significant challenge that requires
innovative solutions and we hope that our work
makes a positive contribution to the available ap-
proaches.

4 Our Methodology

Our main objective was to collect text and speech
data for three indigenous Kenyan languages,
namely Kidaw’ida, Kalenjin, and Dholuo. These
languages were chosen because they are the home
languages of the research team. The project pro-
posed to collect data from members of the language
communities through crowd-sourcing. The data
collection was realized through a grant from the
Lacuna Fund, which made it possible to pay small
stipends to compensate language data contributors
for their time, effort and the knowledge shared.

4.1 Text Data Collection
Two approaches were used to generate text data:

1. The contributors wrote down sentences in the
three languages covered by this project. These
could be made-up sentences or sentences
from public-domain materials. Some contrib-
utors wanted to use the bible, but most local-
language bibles in Kenya are copyrighted by
the Bible Society of Kenya and the British and
Foreign Bible Society. However, we advised
that they could use such copyrighted materials

for inspiration. For example, a Bible story
could serve as a prompt and remind them of
something else they could write about. The
issue of cultural appropriateness of data is of-
ten cited as militating against using texts of
foreign origin, but we propose that such texts
can catalyse ideas.

2. Contributors recorded conversations in the
three languages, and the conversations were
later transcribed. Participants in conversations
were informed of the recording in advance and
asked to sign a consent form. During transcrip-
tion, words that were in a language other than
the target language were replaced, as code-
switched speech was outside the scope of the
project.

The sentences collected were translated into
Kiswahili to generate three parallel corpora. Mi-
crosoft Excel and Google Sheets were used to com-
pose and translate sentences. The resulting spread-
sheets were stored on Google Drive and GitHub
throughout the duration of the project.

Quality assurance was achieved by identifying
contributors with high levels of language profi-
ciency who were designated as Data Collection
Leads (DCLs) and paid a monthly salary. The
DCLs identified language contributors they knew
were qualified and recommended them for recruit-
ment. DCLs also contributed data and checked the
contributor data for correct spelling, grammar, flu-
ency, and proper translation into Kiswahili. The
DCLs corrected any errors they found in the data.

To increase inclusion in NLP work, 7 of the
DCLs selected were female and 5 were male, and
5 of the researchers were female and 1 was male.
Women were also well represented among the con-
tributors, as can be seen in Table 1. It is important
to have gender balance in language projects to en-
sure that applications work for everyone and also
to avoid bias, for example, in generative AI.

4.2 Voice Data Collection

To enable our geographically distributed contribu-
tors to easily make voice data contributions eas-
ily, we determined that an open-access online
platform would be ideal. Quite surprisingly, we
were only able to find two options: Living Dictio-
naries (https://livingdictionaries.app) and
Mozilla Common Voice (https://commonvoice.
mozilla.org).



Initially, it seemed that Living Dictionaries
would be easier to use. Mozilla Common Voice
involves a rather steep on-ramp, which we explain
below. Living Dictionaries, although easy to get
started with, turned out not to be fit for purpose as
the main aim of that platform is language documen-
tation and it is tailored for linguistic work rather
than NLP projects. For example, when recording
voice for NLP, the same phrase is required to be
read by multiple people. This is not well supported
in Living Dictionaries as the interest there is in
capturing how a phrase is spoken and having one
person speak it suffices. On the other hand, in NLP
and, more specifically, in automatic speech recogni-
tion (ASR), the different characteristics of people’s
voices while speaking the same phrase must be cap-
tured, so that applications built on those data can
work for everyone.

Thus, we ultimately settled on Mozilla Com-
mon Voice. The first step was to make a lan-
guage request. Once this request was approved
for each of our three languages, we had to local-
ize the pages associated with our languages us-
ing a platform provided by Mozilla known as Pon-
toon (https://pontoon.mozilla.org). This in-
volved translating more than one thousand tech-
nical strings into each language, a task requiring
both technical knowledge and language skills, in-
cluding the ability to create suitable terms for new
technical concepts such as “database”, “download”
or “speech recognition”. This process was quite
time-consuming and was a necessary step before
launching the language on Mozilla Common Voice.
After launch, we uploaded the text sentences col-
lected earlier and once enough text was available
on the platform, we could start reading and record-
ing. Our DCLs recruited more volunteers to read
and record, ensuring the diversity of voices needed
for speech data.

The DCLs provided continuous quality assur-
ance by reviewing and correcting, as necessary,
both the text and the audio data simultaneously
with the data contribution.

5 Results

5.1 Text Data

We collected 30,000 text sentences for each of the
three languages and had contributors proficient
in both their mother tongue and Kiswahili pro-
vide translations. This resulted in the creation
of three parallel corpora: Kidaw’ida-Kiswahili,

Kalenjin-Kiswahili and Dholuo-Kiswahili. These
parallel corpora are freely available for download
from https://zenodo.org/records/13355021
(Mbogho et al., 2025). The same repository re-
mains on Github, where it can be updated and re-
uploaded to Zenodo. This is important not only for
the continual expansion of the datasets, but also
for making any needed corrections and quality im-
provements.

To analyze the translation consistency of the cor-
pora, we used two measures. The first is aver-
age Sentence Length Ratio that computes the ratio
of average sentence length of the target language
to the average sentence length of the source lan-
guage. This measure shows whether translations
expand or contract compared to the originals. A
number between 0.8 and 1.3 is generally consid-
ered indicative of good-quality translations. For
the three corpora in this study, the average sentence
length ratio falls in the range 1.0-1.2, indicating
that target sentences are generally longer by up to
14% for Dholuo-Kiswahili and 13% for Kidawida-
Kiswahili. For Kalenjin-Kiswahili, the expansion
is minimal (the source and target sentences are gen-
erally of the same length) with a percentage less
than 1% (see Table 2).

Table 2 also shows the sentence length correla-
tion computed using Pearson’s r measure. This
shows how strongly sentence lengths correspond
across the two languages in a parallel dataset.
It measures translation consistency where values
above 0.8 show a likelihood of good alignment and
consistent translation length patterns while values
lower than 0.5 show possible alignment problems
or major structural differences between languages.
The three corpora show consistent alignment pat-
terns between Kiswahili and the corresponding lo-
cal languages with values over 0.8, except Kalenjin,
which has about 0.75.

The above insights will be useful when machine
translation models are trained and the correspond-
ing applications are developed.

5.2 Voice Data
The collection of voice data is ongoing, but cur-
rently the speech data on Mozilla Common Voice
is as shown in Table 2.

Like gender, age is an important consideration
for voice data collection as a person’s voice nor-
mally changes with age. For this reason, age cate-
gories should span a wide range and should match
the distribution in the general population as much



Measure Dholuo-Kiswahili Kalenjin-Kiswahili Kidaw’ida-KIswahili
Average sentence length ratio 1.148 1.002 1.136
Sentence length correlation 0.893 0.747 0.842

Table 1: Translation consistency analysis

Language Hours Speakers Female Male
Kidaw’ida 56 24 60% 40%
Kalenjin 92 41 70% 30%
Dholuo 120 44 58% 42%

Table 2: Speech Data on Mozilla Common Voice

Figure 2: Age range of voice contributors

as possible. Figure 1 shows the age distribution of
the voice contributors in our project. Most of the
contributors were between 20 and 29 years of age.
Thus, there is room for improvement in this regard
as we plan for expansion of the work.

6 Discussion

This work was guided by three research questions.
We aimed to find out what methods are effective
in acquiring data for building language corpora for
low-resource languages; how to motivate commu-
nities to contribute to language data; and how to
ensure quality in the collected data.

We have referred to the type of crowd-sourcing
we used as “selective” because the contributors
were known to members of the project team. The
researchers recruited DCLs they knew and, in
turn, DCLs recruited contributors from among their
close contacts. This was important because lan-
guage proficiency was a key consideration, and
using a “random” crowd could have compromised
data quality. We found selective crowd-sourcing
to be a useful approach for developing African
language corpora, balancing rapid data generation
with quality assurance. However, this approach

may not scale well to larger projects. In that case,
a project may have to accept data of varied quality
and then apply additional quality control measures
more aggressively in a subsequent phase.

With respect to motivating communities to par-
ticipate in language projects like ours, the lesson
from this project is that remuneration is critical.
Some of our contributors were going through pe-
riods of unemployment, and this is what allowed
them the freedom to take part. It is important to
provide reasonable compensation for contributors’
time, effort and linguistic expertise. We also found
that many people with whom we spoke did not have
a sense of the importance of their own language.
Through our project, we have anecdotal evidence
that there is increased awareness of the value of
African languages and of the ways communities
can participate in corpus building efforts.

Quality in the collected data remains a challenge.
Although most of the data we have produced in
this project is of good quality, we do sometimes
find low quality contributions in the datasets. The
work of reviewing and correcting is thus ongoing.
We attribute this challenge to a lack of seriousness
towards the task among a minority of the contribu-
tors. We speculate that the necessary compensation
we have emphasised above can be a double-edged
sword; a project may attract participants because of
the pay, rather than any commitment to providing
quality language contributions. However, we are
encouraged by the fact that the majority of partici-
pants were serious about the task and felt they had
a personal stake in promoting their own language.
Educating African communities about the value of
their languages and their potential to make impor-
tant contributions should be a priority in language
projects.

7 Conclusions and Future Work

The project ran for a year and generated approxi-
mately 90,000 sentence pairs for the parallel text
corpora Kidaw’ida-Kiswahili, Kalenjin-Kiswahilli
and Dholuo-Kiswahili. We also collected 268
hours of recorded speech for Kidaw’ida, Kalenjin
and Dholuo by the time of the project’s conclu-



sion. The researchers are actively seeking more
funding to continue the work and extend it to addi-
tional African languages. We recommend that the
datasets be used in their current state to train mod-
els to establish a baseline that can serve as an indi-
cation of the level of accuracy currently achievable.
It is also important to document what is possible
with small datasets as not all applications require
massive amounts of data.

The datasets are available on open-access plat-
forms, namely, Zenodo and Mozilla Common
Voice. Anyone who wishes to download the data
from either platform can do so at no cost and with
minimal barriers, as the licences on both platforms
are highly permissive. Developers are encouraged
to take advantage of this unrestricted access to the
data to train models and develop applications in
these three languages. Language communities are
encouraged to continue adding to the repositories
to achieve greater accuracy in future models.

The project demonstrates how grassroots efforts
in corpus building can support the inclusion of
African languages in artificial intelligence inno-
vations. In addition to filling resource gaps, these
corpora are vital in promoting linguistic diversity
and empowering local communities by enabling
Natural Language Processing applications tailored
to their needs. As African countries like Kenya in-
creasingly embrace digital transformation, develop-
ing indigenous language resources becomes essen-
tial for inclusive growth. We encourage continued
collaboration from native speakers and developers
to expand and utilise these corpora.

Limitations

One limitation of this project is that we did not
make sufficient effort to recruit participants in all
age groups. Most of them fell in the 20-29 age
range. This would limit the performance of au-
tomatic speech recognition models trained on the
data. However, we expect that continued contri-
bution from the wider community will give rise to
greater representation with respect to age. Still, it
is important to pay attention to the age aspect in
future work.

Licensing issues are a major concern in corpus
building for low-resource languages. A greater
involvement of intellectual property specialists is
essential to ensure that language communities are
not disadvantaged but rather stand to benefit from
the resulting data and associated applications. This

consideration was precluded by the available funds.
As mentioned earlier, even though we made sure

that each contributor was known to someone in the
project team, we still had participants who did not
take the work seriously and contributed low-quality
data. In future projects, we will prioritise stronger
vetting of contributors and recruitment of a larger
quality assurance team.
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