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Abstract

Natural Language Processing (NLP) for
African languages such as Yoruba re-
mains underdeveloped due to limited an-
notated resources, linguistic variability,
and a lack of specialized models. In this
paper, we present ÒWE-YOR, a Yoruba
proverb dataset that considers text classi-
fication. The fact that Yoruba proverbs
are an important ingredient of Yoruba cul-
tural heritage and also day-to-day inter-
action presses the need for NLP models
that are sensitive and inclusive of linguis-
tic diversity. Our work leverages a bal-
anced dataset of 15,925 labeled entries,
out of which are 7,963 proverbs and 7,962
non-proverbs, carefully collected and an-
notated. Our study proposes a machine
learning and a transformer-based method-
ology that involves training Naive Bayes
Algorithm, then fine-tuning existing lan-
guage models like BERT multilingual case
and AfroLM to learn the contextual fea-
tures specific to Yoruba proverbs.

1 Introduction

In the world of Natural Language Processing to-
day, text classification and text understanding have
grown to a level where a series of language mod-
els perform well on these tasks in various high-
resource languages, but there is still work to be
done for low-resource languages in such tasks, es-
pecially for culturally rich languages like Yoruba.
Human language is not just a tool for communica-
tion but also a vault of culture, identity, and shared
wisdom. In Yoruba culture, the proverb is an im-
portant tool that encodes cultural wisdom and re-
quires the ability to decode before it can be under-
stood. It requires a high level of reasoning and
understanding of indigenous knowledge for ma-
chines to produce high-level results. Bringing up

models capable of classifying text is a major chal-
lenge, especially for under-resourced languages.
With the aim of improving the text classification
dataset, there have been various works toward the
curation of dataset (Rassi et al., 2014; Pighin et
al., 2019). However, most of these works do not
take into consideration proverbs in other African
languages.

Existing NLP research on African languages
has focused on a series of efforts in develop-
ing datasets for various NLP tasks such as news
topic classification (Ifeoluwa Adelani et al., 2023;
Niyongabo et al., 2020), named entity recogni-
tion (Adelani et al., 2022b), machine transla-
tion (Adelani et al., 2022a; Costa-jussà et al.,
2022), and part-of-speech tagging (Nivre et al.,
2016). However, few have attempted to study cul-
turally rich datasets such as proverbs for classifica-
tion tasks. To overcome this, we present a Yoruba
proverb dataset, ÒWE-YOR, which supports the
classification of proverbs and non-proverbs.

Our work evaluates machine learning and
transformer-based models for Yoruba proverb
classification. We trained a MultinomialNB model
and later fine-tuned state-of-the-art language mod-
els such as BERT Multilingual Cased and AfroLM
to capture features in Yoruba proverbs. 1

2 Yoruba Language

The Yoruba language belongs to the Niger-Congo
language family and is spoken principally in
southwestern Nigeria and parts of the Republic of
Benin and Togo. It has about 25 million mother-
tongue speakers. The language has 25 letters of
the Latin alphabet including additional letters con-
tain subdots, such as (e., gb, s., and o.). Yoruba is
a tonal language, meaning that it has three distinc-
tive tone levels-high, mid, and low-that are deci-
sive in word distinction. Accurate pronunciation

1https://huggingface.co/datasets/
LingoJr/OWEYOR



Figure 1: The deployed model tested with Yoruba
proverbs and non-proverbs

depends greatly on the tonal marks and subdots.
Proverbs have an important place in Yoruba cul-
ture, serving as crucial instruments of communica-
tion, wisdom, and social principles. In fact, their
usefulness in conveying meaning and in the pro-
motion of cultural identity in Yoruba society can
hardly be underestimated. It must be mentioned
that Proverbs serve as a vehicle for the transmis-
sion of wisdom, the resolution of conflicts, and the
maintenance of identity among Yorubas. Success-
ful classification of proverbs requires familiarity
with patterns of language, difference in tone, and
situational use.

3 Related Work

Numerous scholars have worked on various as-
pects of Yoruba proverbs, exploring their meaning,
cultural significance, and application. Examples
of these works are (Olubode Sawe, 2009), where
the paper investigates how listeners derive mean-
ing when they hear a proverb in conversation and
the cognitive and cultural strategies used by lis-
teners to arrive at the metaphorical or contextual
meaning of proverbs. The paper also takes into

account the linguistics cues embedded in proverbs
that aid interpretation. (Alabi, 2015) discussed
the role of proverbs as a stylistic and rhetorical
device in communicating themes, expressing cul-
tural identity, and addressing sociocultural and lin-
guistic factors that influence the use of proverbs in
literature. (Ademowo and Balogun, 2014) exam-
ines how the Yoruba proverb is used as a tool to
promote peace and harmonious coexistence, man-
aging interpersonal and communal conflicts, serv-
ing as a vehicle for teaching societal values and
conflict resolution strategies. The study is cen-
tered on 24 randomly selected Yoruba proverbs
that address themes of warning, cooperation, and
diversity, and their implications for conflict man-
agement. Most of these works mentioned above
are not use for any NLP tasks.

While previous studies have greatly explored
various aspects of Yoruba proverbs, their appli-
cation in NLP tasks still remains limited. How-
ever, recent studies in other languages show the
potential of integrating proverbs in NLP task, part
of which are (Liu et al., 2024), where the paper
examines how multilingual large language model
recognizes proverbs and sayings across different
languages and cultures. The study introduced
a dataset called MAPS (MulticulturalAI Proverb
and Saying) designed to evaluate mLLMs. En-
glish, German, Russian, Bengali, Mandarin Chi-
nese, and Indonesian are the languages covered.
(Anita and Subalalitha, 2011) also worked on a
system to automatically generate meanings for
Tamil proverbs using a sentence scoring approach.
This research is particularly significant as many
Tamil proverbs are either misunderstood or lack
accessible explanations, especially for the younger
Tamil-speaking generation. (Baptista and Reis,
2022) investigate the use of Natural Language Pro-
cessing (NLP) and Machine Learning (ML) tech-
niques for thematic classification of Portuguese
proverbs, which is the closet study to ours but what
make it different is the language in discourse. 2

4 ÒWE-YOR Dataset Collection

Textual Dataset: ÒWE-Yoruba was developed
to try and bridge the gap in the lack of cul-
turally significant datasets for low-resource lan-
guages. This paper deals with Yoruba language.
In this paper, a classification task is proposed:

2https://huggingface.co/spaces/
Joycenaomi81/Proverbs_



the Yoruba proverb or non-proverb classification
dataset. These proverbs were sourced from an
online PDF document with over 7,963 Yoruba
proverbs, alongside their translations in English
and meanings. In scraping, some of the sen-
tences lost their diacritics and orthographic errors
were seen in some of the sentences. The error
mentioned was carefully corrected through man-
ual editing to keep the linguistic integrity of the
dataset intact.

The non-proverb portion of the dataset is made
up of 7,962 sentences developed by native Yoruba
speakers. These are on varied topics and include
both everyday conversations and politically in-
clined statements to make sure that the represen-
tation of the non-proverbial text is wide. This
step focused on cultural accuracy and linguistic di-
versity to complement the proverbs. The linguist
annotating the data is a native speaker of Yoruba
with deep knowledge of the culture and tradition.
He has been involved in correct classification of
data as either a proverb or non-proverb. Extensive
cleaning, verification, and validation were done to
guarantee the quality and reliability of this data.

Altogether, OWE-Yoruba contains 15,925 sen-
tences for the textual data, with exactly 7,963
proverbs and 7,962 non-proverbs. This balanced
dataset is a very useful resource in the develop-
ment and evaluation of natural language process-
ing models, particularly those tasks that require
the presence of linguistic and cultural nuances in
Yoruba.

Figure 2: Visualization of the collected dataset

5 Experiment and Result

In this study, we trained a Naive Bayes model and
fine-tuned AfroLM (Dossou et al., 2022) as well

as a multilingual BERT-based model (Devlin et al.,
2019) for the detection of Yoruba proverbs. Since
AfroLM and BERT are designed to handle low-
resource languages such as Yoruba, they are suit-
able candidates for this classification task.

The Multinomial Naive Bayes classifier per-
formed at 85% on the test set. Its confusion ma-
trix, therefore, showed that there were 1,449 true
positives, 1,286 true negatives, 171 false positives,
and 279 false negatives. While somewhat pow-
erful, the Multinomial Naive Bayes classifier still
couldn’t make a reasonably accurate discrimina-
tion between proverbs and non-proverbs. On the
other hand, fine-tuning AfroLM signifi- cantly im-
proved this to 95% accuracy. From the confusion
matrix for AfroLM, there were 1,511 true posi-
tives, 1,522 true negatives, 62 false pos- itives, and
92 false negatives. This improve- ment underlines
the advantages of fine-tuning pre- trained models
on specific tasks. The best result among the BERT
multilingual base models achieved an accuracy of
96% on the test set. Its confusion matrix shows
1,565 true positives, 1,515 true negatives, 69 false
positives, and 38 false negatives. It goes to show
that the model does very well in the complexity
of Yoruba proverb classification. In other words,
the results reflect that, though Naive Bayes is a
simple machine learning baseline, the models like
AfroLM and BERT, which have been pre-trained
and fine-tuned on this particular task, outperform
all the other approaches by a great margin. This
shows how well this model captures nuanced lin-
guistic and cultural features. The very high ac-
curacy of these models indicates a possibility for
advanced tool development in low-resource lan-
guages.

Model TP TN FP FN
Naive Bayes 1,449 1,286 171 279
AfroLM 1,511 1,522 62 92
BERT 1,565 1,515 69 38

Table 1: Confusion matrix values for Naive Bayes,
AfroLM, and BERT.

6 Conclusion and Future work

This work focuses on the creation of culturally
relevant datasets and uses them for classification
tasks that leverage the application of state-of-the-
art machine learning methods for low-resource
languages such as Yoruba. The results show



Model Accuracy
Multinomial Naive Bayes 85%
AfroLM (fine-tuned) 95%
BERT multilingual cased (fine-tuned) 96%

Table 2: Accuracy of the machine learning base-
line and fine-tuned models for Yoruba proverb de-
tection.

that both traditional methods, including the Naive
Bayes classifier, and fine-tuned pre-trained lan-
guage models, including AfroLM and BERT mul-
tilingual base, are effective in classifying Yoruba
proverbs. The machine learning model that was
trained proved much more accurate, underlining
their adaptability and potential in tasks requiring
deep linguistic and cultural understanding.

Building on this work, We plan to extend the
proverb dataset to other African languages and
also curate speech dataset to train existing speech
model capable of interpreting linguistics and cul-
tural nuances of Yoruba proverbs. Speech datasets
are extremely important for a variety of applica-
tions in speech recognition and culturally sensi-
tive conversational AI. This work can also be eas-
ily scaled to other African languages through the
creation of culturally inclined datasets for a vari-
ety of NLP and AI tasks, encouraging inclusivity
and linguistic representation in technology.
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