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Abstract

Africa is home to over 2000 languages from
over six language families and has the highest
linguistic diversity among all continents. This
includes 75 languages with at least one mil-
lion speakers each. Yet, there is little NLP re-
search conducted on African languages. Cru-
cial in enabling such research is the availability
of high-quality annotated datasets. In this pa-
per, we introduce AfriSenti, which consists of
14 sentiment datasets of 110,000+ tweets in 14
African languages (Amharic, Algerian Arabic,
Hausa, Igbo, Kinyarwanda, Moroccan Ara-
bic, Mozambican Portuguese, Nigerian Pidgin,
Oromo, Swahili, Tigrinya, Twi, Xitsonga, and
Yorùbá) from four language families annotated
by native speakers. The data is used in Se-
mEval 2023 Task 12, the first Afro-centric Se-
mEval shared task. We describe the data col-
lection methodology, annotation process, and
related challenges when curating each of the
datasets. We conduct experiments with dif-
ferent sentiment classification baselines and
discuss their usefulness. We hope AfriSenti
enables new work on under-represented lan-
guages.1

1 Introduction

Africa has a long and rich linguistic history, ex-
periencing language contact, language expansion,
development of trade languages, language shift,
and language death, on several occasions. The
continent is incredibly linguistically diverse and
home to over 2000 languages. This includes 75
languages with at least one million speakers each.
Africa has a rich tradition of storytelling, poems,

1The dataset is available at https://github.com/a
frisenti-semeval/afrisent-semeval-2023.

Figure 1: Countries and languages represented in the
AfriSenti data collection (Amharic, Algerian Arabic,
Hausa, Igbo, Kinyarwanda, Moroccan Arabic, Mozam-
bican Portuguese, Nigerian Pidgin, Oromo, Swahili,
Tigrinya, Twi, Xitsonga, and Yorùbá).

songs, and literature (Carter-Black, 2007; Banks-
Wallace, 2002) while recent years have seen a pro-
liferation of communication in digital and social
media. Code-switching is common in these new
forms of communication where speakers alternate
between two or more languages in the context of a
single conversation (Santy et al., 2021; Angel et al.,
2020; Thara and Poornachandran, 2018). However,
despite this linguistic richness, African languages
have been comparatively under-represented in nat-
ural language processing (NLP) research.

An influential sub-area of NLP deals with sen-
timent, valence, emotions, and affect in language
(Liu, 2020). Computational analysis of emotion
states in language and the creation of systems that
predict these states from utterances have applica-
tions in literary analysis and culturonomics (Rea-
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Lang. Tweet Sentiment

amh ያ ጨካኝ አረመኔ ታስሮ ይኸው ካቴና ገብቶለታል ይሉናል። ቆይ አስረው የጀበና ቡና
እየጋበዙት ነው እንዴ?

negative

arq @user ....يوبعشوطحنمىوتسم،ليدهبتعاتنىهوتجرخنمهذهقورشلا negative
ary مكرطاخرطاخىلعامتنأواقبتداعيدابلاويداعلاىلعوسفركتيوادبيمهوتيغبشاو negative
ary rabi ykhali alhbiba makayn ghir nachat o chi machat positive
hau @USER Aunt rahma i luv u wallah irin totally dinnan positive
ibo akowaro ya ofuma nne kai daalu nwanne mmadu positive
kin @user Ariko akokanu ngo inyebebe unyujijemo sisawa wangu negative
orm @user Jawaar Kenya OMN haala akkamiin argachuu dandeenya neutral
por Honestidade é algo que não se compra. Infelizmente a humanidade

esqueceu disso por causa das suas ambições.
positive

pcm E don tay wey I don dey crush on this fine woman … positive
swa Asante sana watu wa Sirari jimbo la Tarime vijijini Huu ni Upendo

usio na Mashaka kwa Mbunge wenu John Heche
positive

tir @user ክመኽረኩም እንተኾይነ:ንሕውሓት ነዞም ውሑድ ቁጽሮም እባ ምጥፋእ ይሕሸ
ኩም!

negative

tso @user @user Yu , tindzava ? Tsika mbangui mpfana e nita ku despro-
gramara

negative

twi messi saf den check en bp na wo kwame danso wo di twe da kor aaa na
wawu

negative

yor onírèégbè aláàdúgbò ati olójúkòkòrò negative

Table 1: Examples of tweets and their sentiments in the different AfriSenti Languages. Note that the collected
tweets in Moroccan Darija (ary) are written in both Arabic and Latin scripts.

gan et al., 2016; Hamilton et al., 2016), commerce
(e.g., tracking feelings towards products), and re-
search in psychology and social science (Dodds
et al., 2015; Hamilton et al., 2016). Despite tremen-
dous amount of work in this important space over
the last two decades, there is little work on African
languages, partially due to a lack of high-quality
annotated data.

To enable sentiment analysis research in African
languages, we present AfriSenti, the largest sen-
timent analysis benchmark for under-represented
languages—covering 110,000+ annotated tweets
in 14 African languages2 (Amharic, Algerian Ara-
bic, Hausa, Igbo, Kinyarwanda, Moroccan Arabic,
Mozambican Portuguese, Nigerian Pidgin, Oromo,
Swahili, Tigrinya, Twi, Xitsonga, and Yorùbá) from
four language families (Afro-Asiatic, English Cre-
ole, Indo-European and Niger-Congo). We show
the represented countries and languages in Fig-
ure 1 and provide examples of the data in Table
1. AfriSenti is an extension of NaijaSenti (Muham-
mad et al., 2022), which is a sentiment corpus in
four major Nigerian languages: Hausa, Igbo, Nige-
rian Pidgin,and Yorùbá.

2For simplicity, we use the term language to refer to lan-
guage varieties including dialects.

The datasets are used in the first Afrocentric
SemEval shared task, SemEval 2023 Task 12: Sen-
timent analysis for African languages (AfriSenti-
SemEval). AfriSenti allows the research commu-
nity to build sentiment analysis systems for various
African languages and enables the study of senti-
ment and contemporary language use in African
languages. We publicly release the corpora, which
provide further opportunities to investigate the dif-
ficulty of sentiment analysis for African languages.

Our contributions are: (1) the creation of the
largest Twitter dataset for sentiment analysis in
African languages by annotating 10 new datasets
and curating four existing ones (Muhammad et al.,
2022), (2) the discussion of the data collection
and annotation process in 14 low-resource African
languages, (3) the release sentiment lexicons for
all languages, (4) the presentation of classification
baseline results using our datasets.

2 Related Work

Research in sentiment analysis developed since
the early days of lexicon-based sentiment anal-
ysis approaches (Turney, 2002; Taboada et al.,
2011; Mohammad et al., 2013) to more advanced
machine learning (Agarwal and Mittal, 2016; Le



Language ISO Code Subregion Spoken In Script

Amharic amh East Africa Ethiopia Ethiopic
Algerian Arabic/Darja arq North Africa Algeria Arabic
Hausa hau West Africa Northern Nigeria, Ghana, Cameroon, Latin
Igbo ibo West Africa Southeastern Nigeria Latin
Kinyarwanda kin East Africa Rwanda Latin
Moroccan Arabic/Darija ary Northern Africa Morocco Arabic/Latin
Mozambican Portuguese pt-MZ Southeastern Africa Mozambique Latin
Nigerian Pidgin pcm West Africa Northern Nigeria, Ghana, Cameroon, Latin
Oromo orm East Africa Ethiopia Latin
Swahili swa East Africa Tanzania, Kenya, Mozambique Latin
Tigrinya tir East Africa Ethiopia Ethiopic
Twi twi West Africa Ghana Latin
Xitsonga tso Southern Africa Mozambique, South Africa, Zimbabwe, Eswatini Latin
Yorùbá yor West Africa Southwestern and Central Nigeria Latin

Table 2: African languages included in our study (Lewis, 2009).

and Nguyen, 2020), deep learning-based meth-
ods (Zhang et al., 2018; Yadav and Vishwakarma,
2020), and hybrid approaches that combine lexi-
con and machine learning-based approaches (Gupta
and Joshi, 2020; Kaur et al., 2022). Nowadays, pre-
trained language models (PLMs), such as XLM-
R (Conneau et al., 2020), mDeBERTaV3 (He et al.,
2021), AfriBERTa (Ogueji et al., 2021b), AfroX-
LMR (Alabi et al., 2022) and XLM-T (Barbieri
et al., 2022b) provide state-of-the-art performance
for sentiment classification.

Recent work in sentiment analysis focused
on sub-tasks that tackle new challenges, includ-
ing aspect-based (Chen et al., 2022), multimodal
(Liang et al., 2022), explainable (neuro-symbolic)
(Cambria et al., 2022), and multilingual sentiment
analysis (Muhammad et al., 2022). On the other
hand, standard sentiment analysis sub-tasks such
as polarity classification (positive, negative, neu-
tral) are widely considered saturated and solved
(Poria et al., 2020), with an accuracy of 97.5% in
certain domains (Raffel et al., 2020; Jiang et al.,
2020). However, while this may be true for high-
resource languages in relatively clean, long-form
text domains such as movie reviews, noisy user-
generated data in under-represented languages still
presents a challenge (Yimam et al., 2020). Addi-
tionally, African languages present new challenges
for sentiment analysis such as dealing with tone,
code-switching, and digraphia (Adebara and Abdul-
Mageed, 2022). Existing work in sentiment anal-
ysis for African languages has therefore mainly
focused on polarity classification (Mataoui et al.,
2016; El Abdouli et al., 2017; Moudjari et al., 2020;

Figure 2: Language Family (shown in green) in the
AfriSenti datasets.

Yimam et al., 2020; Muhammad et al., 2022; Mar-
tin et al., 2021). We present with AfriSenti the
largest and most multilingual dataset for sentiment
analysis in African languages.

3 Overview of the AfriSenti Datasets

AfriSenti covers 14 African languages, each with
unique linguistic characteristics and writing sys-
tems, which are shown in Table 2. As shown
in Figure 2, the dataset includes six languages of
the Afroasiatic family, six languages of the Niger-
Congo family, one from the English Creole family,
and one from the Indo-European family.

Writing Systems Scripts serve not only as a
means of transcribing spoken language, but also
as powerful cultural symbols that reflect people’s
identity (Sterponi and Lai, 2014). For instance,
the Bamun script is deeply connected to the iden-
tity of Bamun speakers in Cameroon, while the
Geez/Ethiopic script (for Amharic and Tigrinya)
evokes the strength and significance of Ethiopian



culture (Sterponi and Lai, 2014). Similarly, the
Ajami script, a variant of the Arabic script used in
various African languages such as Hausa, serves as
a reminder of the rich African cultural heritage of
the Hausa community (Gee, 2005).

African languages, with a few exceptions, use
the Latin script, written from left to right, or the
Arabic script, written from right to left (Gee, 2005;
Meshesha and Jawahar, 2008), with the Latin script
being the most widely used in Africa (Eberhard
et al., 2020). Ten languages out of fourteen in
AfriSenti are written in Latin script, two in Arabic
script, and two in Ethiopic (or Geez) script. On
social media, people may write Moroccan Arabic
(Darija) and Algerian Arabic (Darja) in both Latin
and Arabic characters due to various reasons includ-
ing access to technology, i.e., the fact that Arabic
keyboards were not easily accessible on commonly
used devices for many years, code-switching, and
other phenomena. This makes Algerian and Mo-
roccan Arabic digraphic, i.e., their texts can be
written in multiple scripts on social media. Simi-
larly, Amharic is digraphic and is written in both
Latin and Geez script (Belay et al., 2021). This con-
stitutes an additional challenge to the processing of
these languages in NLP.3

Geographic Representation AfriSenti covers
the majority of African sub-regions. Many African
languages are spoken in neighbouring countries
within the same sub-regions. For instance, varia-
tions of Hausa are spoken in Nigeria, Ghana, and
Cameroon, while Swahili variants are widely spo-
ken in East African countries, including Kenya,
Tanzania, and Uganda. AfriSenti also includes
datasets in the top three languages with the highest
numbers of speakers in Africa (Swahili, Amharic,
and Hausa). We show the geographic distribution
of languages in AfriSenti in Figure 1.

New and Existing Datasets AfriSenti includes
existing and newly created datasets as shown in
Table 3. For the existing datasets whose test sets are
public, we created new test sets to further evaluate
their performance in the AfriSenti-SemEval shared
task.

3Table 1 shows an example of Moroccan Darija tweets
written in Latin and Arabic script. For Algerian Arabic/Darja
and Amharic, AfriSenti includes data in only Arabic and Geez
scripts.

Lang. New Existing Source

ama test train, dev Yimam et al. (2020)
arq all 7 -
ary all 7 -
hau 7 all Muhammad et al. (2022)
ibo 7 all Muhammad et al. (2022)
kin all 7 -
orm all 7 -
pcm 7 all Muhammad et al. (2022)
pt-MZ all 7 -
swa all 7 -
tir all 7 -
tso all 7 -
twi all 7 -
yor 7 all Muhammad et al. (2022)

Table 3: The AfriSenti datasets. We show the new and
previously available datasets (with their sources).

4 Data Collection and Processing

Twitter’s Limited Support for African Lan-
guages Since many people share their opinions
on Twitter, the platform is widely used to study
sentiment analysis (Muhammad et al., 2022). How-
ever, the Twitter API’s support for African lan-
guages is limited, which makes it difficult for re-
searchers to collect data. Specifically, the Twitter
language API currently supports only Amharic out
of more than 2000 African languages4. This dis-
parity in language coverage highlights the need
for further research and development in NLP for
low-resource languages.

4.1 Tweet Collection

We used the Twitter Academic API to collect
tweets. However, as the API does not provide
language identification for tweets in African lan-
guages, we use location-based and vocabulary-
based heuristics to collect the datasets.

4.1.1 Location-based data collection

For all languages except Algerian Arabic and Afan
Oromo, we used a location-based collection ap-
proach to filter out results. Hence, tweets were col-
lected based on the names of the countries where
the majority of the target language speakers are
located. For Afaan Oromo, tweets were collected
globally due to the small size of the data collected
from Ethiopia.

4https://blog.twitter.com/engineering
/en_us/a/2015/evaluating-language-ident
ification-performance



Lang. Manually Translated Source

ama 3 7 Yimam et al. (2020)
arq 3 7 -
hau 3 3 Muhammad et al. (2022)
ibo 3 3 Muhammad et al. (2022)
ary 7 7 -
orm 3 7 Yimam et al. (2020)
pcm 3 7 Muhammad et al. (2022)
pt-MZ 3 7 -
kin 7 3 -
swa 7 7 -
tir 3 7 Yimam et al. (2020)
tso 7 3 -
twi 7 7 -
yor 3 3 Muhammad et al. (2022)

Table 4: Manually collected and translated lexicons in
AfriSenti.

4.1.2 Vocabulary-based Data Collection

As different languages are spoken within the same
region in Africa (Amfo and Anderson, 2019), the
location-based approach did not help in all cases.
For instance, searching for tweets from “Lagos”
(Nigeria) returned tweets in multiple languages,
such as Yorùbá, Igbo, Hausa, Pidgin, English, etc.

To address these challenges, we combined the
location-based approach with vocabulary-based
collection strategies. These included the use of
stopwords, sentiment lexicons, and a language de-
tection tool. For languages that used the Geez
script, we used the Ethiopic Twitter Dataset for
Amharic (ETD-AM), which includes tweets that
were collected since 2014 (Yimam et al., 2019).

Data collection using stopwords Most African
languages do not have curated stopword lists
(Emezue et al., 2022). Therefore, we created stop-
word lists for some AfriSenti languages and used
them to collect data. We used corpora from dif-
ferent domains, i.e. news data and religious texts,
to rank words based on their frequency (Adelani
et al., 2021). We filtered out the top 100 words by
deleting domain-specific words (e.g., the word God
in religious texts) and created lists based on the top
50 words that appeared across domains.

We also used a word co-occurrence-based ap-
proach to extract stopwords (Liang et al., 2009)
using text sources from different domains. We
lower-cased and removed punctuation symbols and
numbers, constructed a co-occurrence graph, and
filtered out the words that occurred most often. Na-
tive speakers verified the generated lists before use.
This approach worked the best for Xistonga.
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Figure 3: Label distributions for the different AfriSenti
datasets.

Data collection using sentiment lexicons As
data collection based on stopwords sometimes re-
sults in tweets that are inadequate for sentiment
analysis (e.g., too many neutral tweets), we used
a sentiment lexicon—a dictionary of positive and
negative words—for tweet collection. This allows
for a balanced collection across sentiment classes
(positive/negative/neutral). For Moroccan Darija,
we used emotion word list curated by Outchakoucht
and Es-Samaali (2021).

Table 4 provides details on the sentiment lexi-
cons in AfriSenti and indicates whether they were
manually created or translated.

Data collection using mixed lists of words Be-
sides stopwords and sentiment lexicons, native
speakers provided lists of language-specific terms
including generic words. For instance, this strategy
helped us collect Algerian Arabic tweets, and the
generic terms included equivalents of words such

as “ ú
æ
��A 	ªË @

1

” (the crowd) and names of Algerian cities.

4.2 Language Detection
As we mainly used heuristics for data collection,
the result included tweets in a language that is dif-
ferent from the target one. For instance, when
collecting tweets using lists of Amharic words,
some returned tweets were in Tigrinya, due to
Amharic–Tigrinya code-mixing. Similarly, we ap-
plied an additional manual filtering step in the case
of Tunisian, Moroccan, and Modern Standard Ara-
bic tweets that were returned when searching for
Algerian Arabic ones due to overlapping terms.

Hence, we used different techniques for lan-
guage detection as a post-processing step.

Language detection using existing tools Few
African languages have pre-existing language de-



tection tools (Keet, 2021). We used Google CLD35

and the Pycld2 library6 for the supported AfriSenti
languages (Amharic, Oromo and Tigrinya).

Manual language detection For languages that
do not have a pre-existing tool, the detection was
conducted by native speakers. For instance, anno-
tators who are native speakers of Twi and Xitsonga
manually labeled 2,000 tweets in these languages.
In addition, as native speakers collected the Alge-
rian Arabic tweets, they deleted all possible tweets
that were expressed in another language or Arabic
variation instead.

Language detection using pre-trained language
models To reduce the effort spent on language de-
tection, we also used a pretrained language model
fine-tuned on 2,000 manually annotated tweets
(Caswell et al., 2020) to identify Twi and Xitsonga.

Despite our efforts to detect the right languages,
it is worth mentioning that as multilingualism is
common in African societies, the final dataset con-
tains many code-mixed tweets.

4.3 Tweet Anonymization and Pre-processing

We anonymized the tweets by replacing all @men-
tions by @user and removed all URLs. For the
Nigerian language test sets, we further lower-cased
the tweets (Muhammad et al., 2022).

5 Data Annotation Challenges

Tweet samples were randomly selected based on
the different collection strategies. Then, with the
exception of the Ethiopian languages, each tweet
was annotated by three native speakers. We fol-
lowed the sentiment annotation guidelines by Mo-
hammad (2016) and used majority voting (Davani
et al., 2021) to determine the final sentiment label
for each tweet (Muhammad et al., 2022). We dis-
carded the cases where all annotators disagree. The
datasets of the three Ethiopian languages (Amharic,
Tigriniya, and Oromo) were annotated using two
independent annotators, and then curated by a third
more experienced individual who decided on the
final gold labels.

Prabhakaran et al. (2021) showed that the ma-
jority vote conceals systematic disagreements be-
tween annotators resulting from their sociocultural

5https://github.com/google/cld3
6https://pypi.org/project/pycld2/

backgrounds and experiences. Therefore, we re-
lease all the individual labels to the research com-
munity. We report the free marginal multi-rater
kappa scores (Randolph, 2005) in Table 5 since
chance-adjusted scores such as Fleiss-κ can be low
despite a high agreement due to the imbalanced
label distributions (Randolph, 2005; Falotico and
Quatto, 2015; Matheson, 2019). We obtained inter-
mediate to good levels of agreement (0.40− 0.75)
across all languages, except for Oromo where we
obtained a low agreement score due the annotation
challenges that we discuss in Section 5.

Table 6 shows the number of tweets in each of
the 14 datasets. The Hausa collection of tweets
is the largest AfriSenti dataset and the Xitsonga
dataset is the smallest one. Figure 3 shows the dis-
tribution of the labeled classes in the datasets. We
observe that the distribution for some languages
such as ha is fairly equitable while in others such
as pcm, the proportion of tweets in each class
varies widely. Sentiment annotation for African
languages presents some challenges (Muhammad
et al., 2022) that we highlight in the following.

Twi A significant portion of tweets in Twi were
ambiguous, making it difficult to accurately cate-
gorize sentiment. Some tweets contained symbols
that are not in the Twi alphabet, which is a frequent
occurrence due to the lack of support for certain
Twi letters on keyboards (Scannell, 2011). For ex-
ample, “O” is replaced by the English letter “c”,
and “E” is replaced by “3”.

Additionally, tweets are more often annotated
as negative (cf. Figure 3). This is due to some
common expressions that can be seen as offensive
depending on the context. For instance, “Tweaa”
was once considered an insult but has become a
playful expression through trolling, and “gyae gy-
imii” is commonly used by young people to say
“stop” while its literal meaning is “stop fooling”.

Mozambican Portuguese and Xitsonga One of
the significant challenges for the Mozambican Por-
tuguese and Xitsonga data annotators was the pres-
ence of code-mixed and sarcastic tweets. Code-
mixing in tweets made it challenging for the an-
notators to determine the intended meaning of the
tweet as it involved multiple languages spoken in
Mozambique that some annotators did not under-
stand. Similarly, the presence of two variants of
Xitsonga spoken in Mozambique (Changana and
Ronga) added to the complexity of the annotation



3-way 2-way

Lang. arq ary hau ibo kin pcm pt-MZ swa tso twi yor ama orm tir

κ 0.41 0.62 0.66 0.61 0.43 0.60 0.50 − 0.50 0.51 0.65 0.47 0.20 0.51

Table 5: Inter-annotator agreement scores using the free marginal multi-rater kappa (Randolph, 2005) for the
different languages.

ama arq hau ibo ary orm pcm pt-MZ kin swa tir tso twi yor

train 5,985 1,652 14,173 10,193 5,584 - 5,122 3,064 3303 1,811 - 805 3,482 8,523
dev 1,498 415 2,678 1,842 1,216 397 1,282 768 828 454 399 204 389 2,091
test 2,000 959 5,304 3,683 2,962 2,097 4,155 3,663 1027 749 2,001 255 950 4,516

Total 9,483 3,062 22,155 15,718 9,762 2,494 10,559 7,495 5,158 3,014 2,400 1,264 4,821 15,130

Table 6: Sizes and splits of the AfriSenti datasets. We do not allocate training splits for Oromo (orm) and Tigrinya
(tir) due to the limited size of the data and only evaluate on them in a zero-shot transfer setting in §6.

task. Additionally, sarcasm was a source of dis-
agreement among annotators, leading to the exclu-
sion of many tweets from the final dataset.

Ethiopian languages For Oromo and Tigrinya,
challenges included finding annotators and the lack
of a reliable Internet connection and access to per-
sonal computers. Although we trained the Oromo
annotators, we observed severe problems in the
quality of the annotated data which led to a low
agreement score.

Algerian Arabic For Algerian Arabic, the main
challenge was the use of sarcasm. When this
caused a disagreement among the annotators, the
tweet was further labeled by two additional annota-
tors. If all the annotators did not agree on one final
label, we discarded it. As Twitter is also commonly
used to discuss controversial topics in the region,
we removed offensive tweets.

6 Experiments

6.1 Setup

For our baseline experiments, we considered three
settings: (1) monolingual baseline models based
on multilingual pre-trained language models for 12
AfriSenti languages with training data, (2) multi-
lingual training of all 12 languages, and their eval-
uation on a combined test of all 12 languages, (3)
Zero-shot transfer to Oromo (orm) and Tigrinya
(tir) from any of the 12 languages with available
training data.

Monolingual baseline models We fine-tune
massively multilingual pre-trained language mod-
els (PLMs) trained on 100 languages from around

the world and Africa-centric PLMs trained exclu-
sively on languages spoken in Africa. For the mas-
sively multilingual PLMs, we selected two rep-
resentative PLMs: XLM-R-{base & large} (Con-
neau et al., 2020) and mDeBERTaV3 (He et al.,
2021). For the Africa-centric models, we make
use of AfriBERTa-large (Ogueji et al., 2021a) and
AfroXLMR-{base & large} (Alabi et al., 2022) —
an XLM-R model adapted to African languages.
AfriBERTa was pre-trained from the scratch on 11
African languages including nine of the AfriSenti
languages while AfroXLMR supports 10 of the
AfriSenti languages. Additionally, we fine-tune
XLM-T (Barbieri et al., 2022a), an XLM-R model
adapted to the multilingual Twitter domain, sup-
porting over 30 languages but fewer African lan-
guages due to a lack of coverage by Twitter’s lan-
guage API (cf. §4).

6.2 Experimental Results

Table 7 shows the results of the monolingual base-
line models on AfriSenti. AfriBERTa obtained the
worst performance on average (61.7) especially for
languages it was not pre-trained on, e.g., < 50 for
the Arabic dialects. However, it achieved a good
results for languages it has been pre-trained on,
such as hau, ibo, swa, yor. XLM-R-base led
to a performance that is comparable to AfriBERTa
on average, was worse for most African languages,
but better for Arabic dialects and pt-MZ. On the
other hand, AfroXLMR-base and mDeBERTaV3
achieve similar performance, although AfroXLMR-
base performs slightly better for kin and pcm com-
pared to other models. Overall, considering mod-
els with up to 270M parameters, XLM-T achieves



Lang. In XLM-R or In In In AfriBERTa XLM-R AfroXLMR mDeBERTa XLM-T XLM-R AfroXLMR
mDeBERTa? AfriBERTa AfroXLMR XLM-T large base base base base large large

amh 3 3 3 3 56.9 60.2 54.9 57.6 60.8 61.8 61.6
arq 3 7 3 3 47.7 65.9 65.5 65.7 69.5 63.9 68.3
ary 3 7 3 3 44.1 50.9 52.4 55.0 58.3 57.7 56.6
hau 3 3 3 7 78.7 73.2 77.2 75.7 73.3 75.7 80.7
ibo 7 3 3 7 78.6 75.6 76.3 77.5 76.1 76.5 79.5
kin 7 3 3 7 62.7 56.7 67.2 65.5 59.0 55.7 70.6
pcm 7 3 3 7 62.3 63.8 67.6 66.2 66.6 67.2 68.7
pt-MZ 3 7 7 3 58.3 70.1 66.6 68.6 71.3 71.6 71.6
swa 3 3 3 7 61.5 57.8 60.8 59.5 58.4 61.4 63.4
tso 7 7 7 7 51.6 47.4 45.9 47.4 53.8 43.7 47.3
twi 7 7 7 7 65.2 61.4 62.6 63.8 65.1 59.9 64.3
yor 7 3 3 7 72.9 62.7 70.0 68.4 64.2 62.4 74.1

AVG - - - - 61.7 61.9 63.9 64.2 64.7 63.1 67.2

Table 7: Accuracy scores of monolingual baselines for AfriSenti on the 12 languages with training splits. Results
are averaged over 5 runs.

Model F1

AfriBERTa-large 64.7
XLM-R-base 64.3
AfroXLMR-base 68.4
mDeBERTaV3-base 66.1
XLM-T-base 65.9
XLM-R-large 66.9
AfroXLMR-large 71.2

Table 8: Multilingual training and evaluation on com-
bined test sets of all languages. Average over 5 runs.

the best performance, which highlights the impor-
tance of domain-specific pre-training. XLM-T per-
forms particularly well on Arabic and Portuguese
dialects, i.e., arq, ary and pt-MZ, where it out-
performs AfriBERTa by 21.8, 14.2, and 13.0 and
AfroXLMR-base by 4.0, 5.9, and 4.7 F1 points
respectively. AfroXLMR-large achieves the best
overall performance and improves over XLM-T
by 2.5 F1 points, which highlights the benefit of
scaling for large PLMs. Scaling is of limited use
for XLM-R-large, however, as it has not been pre-
trained on many of the African languages. Overall,
our results demonstrate the importance of both lan-
guage and domain-specific pre-training as well as
the benefits of scale for appropriately pre-trained
models.

Table 8 shows the performance of multilingual
models that were fine-tuned on the combined train-
ing data and evaluated on the combined test data
of all languages. Similar to before, AfroXLMR-
large achieves the best performance, outperforming
AfroXLMR-base, XLM-R-large, and XLM-T-base
by more than 2.5 F1 points.

Finally, Table 9 shows the zero-shot cross-
lingual transfer performance from models trained

on different source languages with available train-
ing data to the test-only languages orm and tir.
The best source languages are Hausa or Amharic
for orm, and Hausa or Yorùbá for tir. Hausa
even outperforms a multilingually trained model.
The impressive performance for transfer between
Hausa and Oromo may be because both are from
the same language family and share a similar Latin
script. In addition, Hausa has the largest training
dataset in AfriSenti. Both linguistic similarity and
size of source language data have been shown to
correlate with successful cross-lingual transfer (Lin
et al., 2019). However, it is unclear why Yorùbá per-
forms particularly well for tir despite the differ-
ence in script. One hypothesis is that Yorùbá may
be a good source language in general, as shown in
Adelani et al. (2022) where Yorùbá is the second
best source language for named entity recognition
in African languages.

7 Conclusion and Future Work

We presented AfriSenti, a collection of sentiment
Twitter datasets annotated by native speakers in 14
African languages used in the first Afro-centric Se-
mEval shared task—SemEval 2023 Task 12: Sen-
timent analysis for African languages (AfriSenti-
SemEval). We reported the challenges faced during
data collection and annotation as well as experi-
mental results using state-of-the-art pre-trained lan-
guage models. We release the datasets, and data re-
sources to the research community. AfriSenti opens
up new avenues for sentiment analysis research in
under-represented languages. In the future, we plan
to extend AfriSenti to more African languages and
different sentiment analysis sub-tasks.



Target Lang.
Source Lang. orm tir AVG

amh 46.5 62.6 54.6
arq 27.5 56.0 41.8
ary 42.5 58.6 50.6
hau 47.1 68.6 57.9
ibo 41.7 39.8 40.8
kin 43.6 64.8 54.2
pcm 26.7 58.2 42.5
por 28.7 21.5 25.1
swa 36.8 26.7 31.8
tso 21.5 15.8 18.7
twi 9.8 15.6 12.7
yor 39.2 67.1 53.2
multilingual 42.0 66.4 54.2

Table 9: Zero-shot evaluation on orm and tir. All
SRC LANGs are trained on AfroXLMR-large

8 Ethics Statement

Sentiment and emotions are complex and nuanced
mental states. Additionally, each individual ex-
presses sentiment differently through language,
which results in large amounts of variation. There-
fore, several ethical considerations should be ac-
counted for when working on sentiment analysis.
See Mohammad (2022, 2023) for a comprehen-
sive discussion of ethical considerations relevant to
sentiment and emotion analysis.
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A Focus Languages

Afaan Oromo Afaan Oromo is spoken by more
than 37 million speakers and is written in the Latin
script (Eberhard et al., 2020). It is the most widely
spoken language in Ethiopia and the third most
widely spoken language in Africa next to Arabic
and Hausa languages. In the Horn of Africa includ-
ing Ethiopia, Kenya, and Somalia alone, there are
over 45 million native Afaan Oromo speakers.

Algerian Arabic/ Darja Algerian Arabic/Darja
is the Arabic “dialect” spoken in Algeria. It varies
across the Algerian region (Bougrine et al., 2017)
and is mastered by almost all Algerians (more than
40 million people). It has mostly an Arabic vocabu-
lary but it also contains Berber (Amazigh), French,
Andalusian Arabic, Turkish and Spanish influences
and loanwords (Elimam, 2009; Haspelmath and
Tadmor, 2009; Harrat et al., 2016).

Amharic Amharic is an Ethio-Semitic and Afro-
Asiatic language. It is spoken in Ethiopia, Israel,
and America (Eberhard et al., 2020). It has about
57 million speakers, where 32 million of them are
native speakers and uses Ge’ez or Fidel script for
writing.

Kinyarwanda Kinyarwanda is a language spo-
ken in Central and East Africa, it is the official
language of Rwanda but is also spoken in Uganda,
D.R.C, Burundi and Tanzania, it is spoken by over
13 million people. It is one of the major Bantu lan-
guages, and it is mutually intelligible with Kirundi.
Kinyarwanda uses the Latin Alphabet, composed
of 24 letters used in English excluding x and q.

Moroccan Darija Moroccan Arabic Darija is the
dialect of Arabic spoken in Morocco. It is a mixture
of classical Arabic, Berber, and French with some
Spanish and Portuguese influences. According to
the 2014 general census 7, 92% of the Moroccan
population speak Arabic Darija. This dialect re-
tains many of the characteristics that make it unique

7http://rgphentableaux.hcp.ma/Default1/

among other dialects. Its phonology and syntax are
quite different from other forms of spoken Ara-
bic. However, Darija is not widely used outside
Morocco and, therefore, may be difficult to find
resources either online or in print, which makes it
severely low-resourced like the majority of African
vernaculars. Its written form has only started ap-
pearing in social media using either Arabic script
or a mix of numbers and the Latin alphabet.

Mozambican Portuguese The Portuguese spo-
ken in Mozambique is called Mozambican Por-
tuguese, commonly referred to as the Portuguese of
Mozambique. It differs from other Portuguese vari-
ants in a few ways, such as the lexicon, which incor-
porates many African terms and expressions that
are common in Mozambique and other Portuguese-
speaking nations. Additionally, it has a distinctive
accent and rhythm that are affected by the Mozam-
bican languages used locally in its pronunciation.
Some grammar forms and structures in Mozam-
bican Portuguese are different from those used in
European Portuguese. Additionally, there are loan
terms that were acquired from Mozambican and
other African languages.

Tigrinya Also spelt Tigringa, is a Semitic lan-
guage spoken in the Tigray region and Eritrea. The
language uses Geez script with some additional
Tigrinya alphabets and is closely related to Geez,
and Amharic. The language has around 10 million
speakers and 6.4 million are found in the Ethiopian
Tigray region.

Xitsonga/Tsonga Xitsonga is a Bantu language
originally from Mozambique but also spoken in dif-
ferent southern African countries. In Mozambique,
the same language is referred to as Changana. It
is part of the Tswa-Ronga language group, which
also includes Tshwa and Rhonga. These three lan-
guages are mutually intelligible, meaning speak-
ers of one can understand the other two languages
in the same group. In addition to Mozambique,
Xitsonga is also spoken in South Africa, Eswa-
tini (formerly Swaziland), and Zimbabwe. In
Mozambique, the following dialectal variants of
Changana are recognized: Xihlanganu, Xidzonga,
Xin’walungu, Xibila, and Xihlengwe. According
to Omniglot 8 there are about 8.9 million speakers
of Xitsonga, including 5.68 million in South Africa
(in 2013), 3.1 million speakers in Mozambique (in

8https://omniglot.com/writing/tsonga.php



2016), 100,000 speakers in Zimbabwe (in 1998),
and 20,000 speakers in Eswatini (in 2010).
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Figure 4: Training Datasets Sentiment Class Distribution
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Figure 5: Development Datasets Sentiment Class Distribution
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Figure 6: Test Datasets Sentiment Class Distribution


