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Abstract
Research on Information Retrieval (IR) has historically prioritised
high-resource languages such as English and Chinese, with less at-
tention given to many low-resource languages. For example, Shona,
a Bantu language spoken by approximately 12 million people in
Zimbabwe and neighbouring countries, remains under-explored in
IR research despite its widespread societal use in Southern Africa.
In this work, we present a preliminary study of Shona IR using
sparse and dense retrieval models, demonstrating significant per-
formance limitations due to morphological complexity and data
scarcity. Based on these findings, we propose to develop a frame-
work to advance Shona IR by developing a large-scale benchmark
dataset to support morphology-aware retrieval. We hypothesise
that improving Shona IR supports equitable access to digital in-
formation and enables language-inclusive AI technologies aligned
with global development priorities such as accessibility to education,
dissemination of healthcare information, and digital inclusion.

CCS Concepts
• Information systems→ Specialized information retrieval;
Retrieval models and ranking; Retrieval tasks and goals.
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1 Introduction
Effective Information Retrieval (IR) plays a vital role in promoting
equitable access to digital knowledge and services. However, most
modern IR models have been developed primarily for high-resource
languages, leaving many low-resource indigenous languages signifi-
cantly under-represented [3]. Low-resource languages pose distinct
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challenges for modern IR models [16]. A primary limitation is the
scarcity of large-scale annotated corpora and standardised evalua-
tion benchmarks [27]. Moreover, the available digital resources for
these languages are largely concentrated in formal domains, such
as religious texts, educational materials, and curated news content
[20]. These datasets often fail to capture informal writing styles
and domain-specific terminology encountered in real-world IR sce-
narios [10]. Furthermore, their scarcity restricts robust evaluation
and benchmarking, thus limiting progress in academic research and
industry [2]. In this work, we focus on the Shona language, spoken
by more than 12 million people in Southern Africa. As in other
Bantu languages, Shona exhibits rich morphological variation by
using noun class markers, prefixes, suffixes, and verb extensions
[19, 22]. Consequently, a single root word can surface in multiple
forms depending on grammatical tense or semantic modification
[26].

We define morphology-aware retrieval as the ability of a model
to retrieve semantically relevant documents despite the variation in
surface forms caused by inflection, derivation, or agreement. The
benchmark will therefore evaluate models on their ability to gener-
alise across such variations. Traditional lexical retrieval approaches,
such as BM25 [25], rely on exact or near-exact token matching and
therefore struggle to capture semantic equivalence between related
terms [9, 24]. For example, the Shona word munhu(person) trans-
forms into vanhu (people) through noun-class prefix substitution
rather than by simple suffix addition. Although both forms share
the root “-nhu”, models often treat them as distinct tokens, un-
less morphology-aware representations are applied [8]. In addition,
real-world Shona communication often involves code-switching
with English and other regional languages, further complicating
query understanding and document retrieval [12]. Consequently,
most existing IR models struggle to generalise in diverse linguistic
contexts, limiting their practical deployment in applications such
as education, healthcare, and public service [6].

Our preliminary analysis of a collection of online Shona docu-
ments reveals several challenges that motivate this work. Standard
lexical retrieval models such as BM25 struggle to match different
inflected forms of the same root, leading to the omission of relevant
documents. For example, a query containing the verb “kudzidza”
(“to learn”) fails to retrieve documents containing its inflected form
“adzidzira” (“has learned”), even though the content is semantically
relevant. In addition, queries that include English terms, such as
“Shona mathematics textbook”, are poorly handled, reducing both
coverage and relevance. Dense multilingual models such as LLMs,
pre-trained on high-resource languages, capture semantic similarity
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Table 1: Preliminary Evaluation Results of Selected IR Models on the Shona IR Dataset

Model Recall@5 Recall@10 nDCG@5 nDCG@10 MAP MRR Handling Inflection

BM25 [25] 0.52 0.70 0.45 0.47 0.35 0.52 Low
ColBERT-v2 [28] 0.56 0.73 0.51 0.54 0.40 0.59 Moderate
Voyager [30] 0.60 0.78 0.55 0.58 0.44 0.63 High
Bloom [31] 0.58 0.76 0.54 0.57 0.42 0.61 High
BGE-M3 [6] 0.57 0.75 0.53 0.56 0.41 0.60 Moderate

only partially [15], as Shona-specific training data is scarce, leading
to suboptimal retrieval performance. These findings indicate that
existing retrieval methods are insufficient for low-resource, mor-
phologically rich languages and highlight the need to address these
challenges.

Our goal is to develop a large-scale, publicly accessible Shona IR
benchmark dataset that effectively handles morphological variation.
The dataset will be curated from various sources, including news ar-
ticles, government publications, educational materials, and cultural
texts. The proposed benchmark aims to address the morphologi-
cal challenges identified in our preliminary findings to promote
equitable access to information and digital inclusion.

2 Background: Shona Language
Shona (also called chiShona) is a Bantu language of theNiger–Congo
family, spoken mainly in Zimbabwe and parts of Mozambique,
Botswana and Zambia.1 Shona draws on central dialects such as
Zezuru and Karanga. It is one of Zimbabwe’s official languages and
is widely used in education, media, and literature. Shona uses a
Latin-based alphabet and features a tonal system with high and
low tones that distinguish meaning [18, 19]. The language exhibits
a complex noun class system, characteristic of Bantu languages,
in which nouns are organised into classes marked by prefixes that
determine the agreement with verbs and modifiers [22]. The basic
word order is Subject–Verb–Object (SVO).2 Shona has five vowel
phonemes and a rich consonant inventory including distinctive
fricatives such as sv and zv. In the twentieth century, a standard-
ised orthography was developed, and the language has a strong
tradition of oral literature and written works [5].

2.1 Related Work
Previous work has shown that morphological processing tech-
niques, such as segmentation, lemmatisation, and subword mod-
elling, can mitigate sparsity and improve downstream tasks in low-
resource settings [7, 8]. For example, transfer-based approaches
have been used to learn morphological patterns by leveraging re-
lated languages with richer resources [21]. This is relevant for
Bantu languages, where shared grammatical structures (e.g., noun
class systems and agglutinative morphology) suggest that resources
developed for languages such as isiZulu or Sepedi may be reusable
for the Shona language [19].

Existing efforts have begun to develop datasets and benchmarks
for African languages, including Amharic [4, 17] and Swahili [11,

1Wikipedia: Shona language.
2Shona Language — Dialects & Structure (MustGo).

23]. However, for many African languages, including Shona, avail-
able digital content is largely restricted to formal domains such
as religious texts, news articles, and educational materials, with
limited representation of conversational or user-generated content.
This imbalance reduces the ecological validity of existing datasets
and highlights the need for domain-diverse IR benchmarks [16].

3 Methodology
Our preliminary evaluation was conducted on a collection of ap-
proximately 5,000 Shona-language documents gathered from pub-
licly accessible sources, including news articles, government pub-
lications, educational materials, and cultural texts. The dataset is
designed to reflect diverse domains and realistic language use, in-
cluding both formal and semi-formal content. We construct a set
of 75 information needs (topics) to simulate realistic user queries.
These queries span multiple domains, such as education, healthcare
and general knowledge, and include both purely Shona queries
and code-switched Shona-English queries. Query formulation is
informed by common information-seeking patterns observed in
low-resource language settings, where users often employ short,
underspecified queries and frequently engage in code-switching
due to limited standardised terminology [1, 20]. To reflect these
characteristics, the query set includes both monolingual Shona
queries and mixed Shona–English expressions in domains such as
education, healthcare, and general knowledge.

Relevance judgments are obtained through manual annotation
by fluent Shona speakers to ensure linguistic and contextual ac-
curacy. We use human annotators as automatic labelling methods
may fail to capture semantic equivalence in inflected or derived
forms [26]. Annotators are instructed to assess relevance based
on topical alignment and the degree to which a document satis-
fies the underlying information need, rather than relying on exact
lexical overlap. For each query, the top 10 documents are merged
to form a candidate pool, which is then manually annotated. This
approach provides a cost-effective mechanism to build relevance
judgments while maintaining adequate coverage of high-ranking
results [13, 29].

3.1 Evaluation Protocol
We evaluate retrieval performance using Normalised Discounted
Cumulative Gain (nDCG), Mean Average Precision (MAP), and
Mean Reciprocal Rank (MRR). We apply a range of retrieval ap-
proaches, including: (i) sparse lexical retrieval (BM25), (ii) late-
interaction neural retrieval (ColBERT-v2), and (iii) dense semantic
retrieval models (Voyager, BLOOM, and BGE-M3). To reflect the

https://en.wikipedia.org/wiki/Shona_language
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morphological richness of Shona, the evaluation includes targeted
query-document pairs exhibiting:

• Inflectional variation, where queries and relevant docu-
ments contain different surface forms of the same root (e.g.,
verb tense or agreement markers);

• Noun class variation, including singular–plural transfor-
mations (e.g., munhu vs. vanhu);

• Derivational morphology, where related meanings are
expressed through affixation;

• Code-switching, where queries mix Shona and English
terms.

We hypothesise that this approach enables systematic evalua-
tion of whether models can capture semantic equivalence across
morphologically related forms, rather than relying solely on surface-
level token matching. All models are used in their pre-trained form
without fine-tuning on Shona-specific data. We do not perform ad-
ditional fine-tuning in this preliminary study, allowing us to assess
out-of-the-box performance in a low-resource setting.

4 Initial Findings
From preliminary evaluation, we observed a scarcity of annotated
text collections and standard benchmarks, which limits the reliabil-
ity of model comparison. We attribute this to several factors, includ-
ing limited linguistic resources (e.g. dictionaries and grammars), the
scarcity of digitally available textual data, and the underdeveloped
infrastructure for large-scale annotation [15]. In addition, a range
of dialects increases the difficulty of preprocessing (tokenisation,
lemmatisation) and evaluation when data is limited [14].

Evaluation Results. Table 1 presents the performance of 5 models.
We use metrics such as Recall, Normalised Discounted Cumulative
Gain (NDCG), Mean Average Precision (MAP), andMean Reciprocal
Rank (MRR) to evaluate ranking quality. BM25 produces lower MAP
and nDCG scores, highlighting its inability to handle inflectional
variation and lexical sparsity effectively. ColBERT-v2 [28] shows
notable improvement, while dense retrieval models such as Voyager
[30], BLOOM, and BGE-M3 [6] achieve only moderate performance,
suggesting that semantic similarity alone is insufficient to address
the challenges posed by morphological variation. These results
highlight the need for richer datasets to support robust retrieval,
motivating the development of approaches that address linguistic
complexity and data scarcity.

Morphology Sensitivity Analysis. To assess the impact of mor-
phological variation on retrieval performance, we identify a subset
of queries in which relevant documents contain inflected or de-
rived forms of the query terms (e.g., verb extensions and noun
class variations). We observe that sparse lexical models such as
BM25 fail to retrieve relevant documents when surface forms dif-
fer, resulting in lower Recall. Dense retrieval models show partial
robustness by capturing semantic similarity but degraded perfor-
mance in cases involving complex morphological transformations.
From these findings, we observe that morphological variation is a
key source of retrieval error in Shona and motivate the need for
morphology-aware evaluation and modelling. These findings sug-
gest that current multilingual models rely largely on cross-lingual

transfer and subword representations, yet remain limited in their
ability to capture Shona-specific linguistic phenomena effectively.

5 Future Work
We propose a Shona IR benchmark that aims to support practical
applications for Shona-speaking communities. For example, in the
health domain, queries such as “Nzira dzekudzivirira malaria ku-
musha” (“Ways to prevent malaria in rural areas”) allow users to
access relevant government advisories, while in education, queries
such as “as "Masvomhu emugwaro rechinomwe kuShona” (“Grade
7 Mathematics in Shona”) allow effective retrieval of curriculum-
aligned textbooks and tutorials. We aim to provide a reproducible
framework for evaluating retrieval approaches that address mor-
phological challenges, while also supporting real-world information
access for Shona-speaking communities.

Morphology-Aware Framework. The proposed framework incor-
porates morphology-aware evaluation by constructing targeted
query–document pairs that systematically reflect controlled linguis-
tic variation. Specifically, the dataset will include: (i) queries whose
relevant documents contain different inflectional forms of the same
root, (ii) noun class transformations reflecting agreement patterns,
(iii) derivational variants formed through affixation, and (iv) code-
switched queries combining Shona and English. In addition, the
benchmark will provide optional morphological normalisation (e.g.,
stemming or lemmatisation).

Significance of the Study. The proposed research aligns with
several United Nations Sustainable Development Goals (SDGs).
Improved Shona IR models would improve access to educational
materials and digital learning resources, contributing to SDG 43. En-
hanced access to health information and public awareness resources
supports SDG 34. Expanding equitable access to digital services and
online information for underrepresented language communities
contributes to SDG 105.

6 Conclusion
In this work, we highlight the challenges posed by Shona’s rich
morphological structure, where the extensive use of prefixes, suf-
fixes, and noun-class markers often leads to retrieval errors in IR
models. We show that the scarcity of high-quality Shona datasets
degrades model performance, exacerbating algorithmic bias and
digital inequality. To address these issues, we propose a framework
to enhance the accuracy and accessibility of digital knowledge for
Shona-speaking communities, to bridge the global digital language
divide.
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