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Abstract—Somali, a language characterized by rich morpho-
logical inflection, poses challenges for natural language processing
(NLP) tasks such as machine translation and information re-
trieval, primarily due to its extensive use of affixation. Currently,
no robust stemming solution exists for Somali. In this study,
we introduce Somstem, a novel hybrid stemming approach that
integrates linguistic expertise with machine learning techniques.
Somstem comprises a high-precision, rule-based component con-
taining over 700 rules derived from an in-depth analysis of So-
mali morphology, combined with a fine-tuned mT5-small model
trained on a newly created dataset of 23,181 word-stem pairs.
By utilizing the precision of handcrafted linguistic rules and the
generalization capabilities of machine learning, this hybrid ar-
chitecture addresses the limitations inherent in purely rule-based
or data-driven methods. We evaluated Somstem on a challenging
dataset of 1,650 unseen word-stem pairs. Empirical results
demonstrate that Somstem outperforms conventional machine
learning methods and state-of-the-art large language models
(LLMs), achieving a precision of 82.45%, recall of 79.70%, and
an Fl-score of 79.84%. Furthermore, detailed analyses show
that Somstem consistently captures morphological patterns across
various parts-of-speech (POS) categories.

Index Terms—Stemming, Morphology, Somali, Low-resource

I. INTRODUCTION

Natural Language Processing (NLP) relies heavily on ac-
curate representations of language. However, the inherent
morphological complexity of many languages, such as Somali,
presents significant challenges [1]. This complexity arises
from rich inflectional patterns, where one word can have
numerous diverse forms. Stemming a crucial preprocessing
step in many NLP pipelines [2], aims to reduce words to their
common root form [3]. It is commonly defined as a method
for conflating various inflected forms of a word into a single
representation [4]. This process plays a vital role in numerous
downstream applications, including machine translation and
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information retrieval [1], [5], and can significantly enhance
their effectiveness [6], [7]. Despite its importance, to the best
of our knowledge, no robust and publicly available stemmer
currently exists for the Somali language. To address this gap,
we introduce Somstem, a novel hybrid stemmer specifically
designed for Somali. Somstem integrates a carefully crafted
rule-based system, which features over 700 unique rules de-
rived from extensive morphological analysis, with a fine-tuned
mT5-small model. This hybrid architecture combines linguistic
expertise with deep learning and effectively overcomes the
limitations of purely rule-based or data-driven approaches. As
part of this work, we annotated a dataset of 25,467 Somali
words with their corresponding stems, thereby creating a
valuable resource for the Somali NLP community. The dataset
includes 23,181 word—stem pairs used for fine-tuning the mT5-
small model, a challenging set of 1,650 word—stem pairs used
for testing, and 636 words used to assess Somstem’s morpho-
logical sensitivity. The rule-based component of Somstem is
organized into five distinct categories and is capable of recur-
sively removing multiple suffixes from a single word to ensure
accurate and efficient stem extraction. For example, the Somali
word macalimiin “teachers” is accurately stemmed to macalin
“teacher”. Beyond affix removal, the system also applies suffix
replacement rules. To further enhance the rule-based system,
the mT5-small model processes unseen words or words not
effectively handled by the handcrafted rules, which improves
the overall accuracy and coverage of the system. Additionally,
we explore the potential of large language models (LLMs) in
supporting stemming for low-resource languages like Somali,
providing insights into the future of stemming methodologies.

Somstem represents a significant advancement in Somali
NLP by providing a robust and reliable stemming solution.
We are releasing both the software and dataset to encourage
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further research in this area, particularly for Somali and other
low-resource languages with closely related morphological
structures. Our contributions are as follows:

1) We develop the first publicly available stemmer for the
Somali language which addresses an important gap in
the NLP toolkit for this low-resourced language.

2) We create a standardized benchmark dataset for Somali
stemming that serves as a valuable resource for the
research community.

3) We conduct experiments and compare Somstem with
other conventional machine learning methods integrated
with rule-based algorithm, as well as with state-of-the-
art LLMs.

II. RELATED WORK

Stemming is a well-established and widely applied tech-
nique in NLP, particularly for languages such as English [8].
One of the earliest stemming algorithms employed a single-
pass method to remove the longest suffixes from words [9].
Among the most notable techniques is Porter’s stemmer [10],
which remains highly effective and widely used for English
text processing [8]. This algorithm operates in five iterative
steps, applying specific transformations until predefined con-
ditions are met. Several rule-based stemmers have also been
developed for other languages. For instance, [11] introduced
a postfix-based approach for Telugu, while [12] developed a
rule-based stemmer for an agglutinative language, effectively
handling suffix removal. Beyond purely rule-based methods,
hybrid stemming algorithms have also been explored. Exam-
ples include those developed for Kokborok [13] and Kan-
nada [14]. Tagging algorithms can further enhance stemming
performance. For instance, [15] demonstrated that part-of-
speech tagging contributes to more accurate stem extraction in
Dutch. These diverse methods show how stemming techniques
are adapted to the unique linguistic challenges of different
languages. Despite these advances, a dedicated stemmer for
Somali has not yet been developed. Thus, we propose a hybrid
stemmer for the Somali language.

III. METHODOLOGY

Here we discuss how we developed this algorithm.

A. Somstem

The proposed Somstem algorithm consists of six steps:
Step 1: Preserves the original form and meaning of proper
nouns, such as personal names, country names, and place
names. Step 2: This is a recursive step that checks words
for multiple suffixes. Step 3: Performed after the recursive
process has been completed. It addresses the fact that, in the
Somali language, word stemming involves not only removing
substrings but also replacing parts of words. Step 4: In
this step, we recognize that some consonants may remain
after suffixes are removed. These residual consonants do not
contribute to the meaning of the words and can cause stem
mismatches for the same word when derived from different
parts of speech. Step 5: Used to remove prefixes in Somali.

The prefixes are identified based on their repeating patterns
at the beginning of a word (i.e., two or more characters that
appear more than once at the start of words). Step 6: After
Step 5, the output of the rule-based algorithm is passed to a
fine-tuned mT5-small model, which takes two inputs: the stem
produced by the rule-based algorithm and the original word.
Further details can be found in Algorithm 1 and Fig. 1.

Algorithm 1 Somali Stemmer

1: exception <— exceptions

2: suffix + suffixes

3: prefix < prefixes

4: if word in exception then

5: return word

6: end if

7: while word has suffix do

8: if suffix in suffixes then

9: remove suffix

10: else

11 if word meets listed rules then

12: replace part of the word

13: end if

14: if word ends with two consecutive consonants then

15: Remove the second consonant counting from
the right

16: end if

17: if word starts with prefix + prefix[0] then

18: remove prefix

19: end if

20: pass (original word, stem) to mT5

21: end if

22: if original word # rule-based stem or word in excep-
tions then

23: return word

24: end if

25: generate stem

26: end while

B. Data collection and annotation

To create an important resource for the Somali language
and establish a baseline for future research, we conducted a
benchmarking process by annotating a dataset of 24,831 in-
flected and derived words with their corresponding stems. This
dataset comprises 23,181 training words and 1,650 unseen test
words. The ground truth/test data were collected from a variety
of sources, including literature [16], online news articles [17],
government documents [18], and educational textbooks.! In
contrast, the training data were primarily derived from dic-
tionaries, including [19] and [20]. The 23,181 dictionary
words were verified by language experts and native speakers.
Additionally, the ground truth/test data were annotated by
four individuals, each tasked with identifying the stems of
1,650 words. In addition to the training and test datasets, we

'We also included texts and words collected from books provided by the
Somali Region Education Bureau.
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Fig. 1. Algorithm Flowchart.

also annotated 636 parts-of-speech test words derived from
dictionaries, excluding numbers and certain proper nouns, to
evaluate the stemmer’s sensitivity to various morphological
categories. These excluded categories were constructed sepa-
rately by native speakers of the language, meaning they were
not sourced from dictionaries.

IV. EXPERIMENTS

To develop Somstem, we implemented a high-precision
rule-based algorithm with over 700 crafted rules and integrated
it with a fine-tuned mT5-small model [21], a multilingual pre-
trained language model (PLM) comprising 300 million pa-
rameters. The mT5-small model supports over 101 languages,
including Somali. Its prior training on Somali data further
enhances its applicability to our use case. We fine-tuned the
mT5-small model using a learning rate of 5e-5, a batch size of
8, 3 epochs, and a weight decay of 0.01. The experiments were
conducted using PyTorch and the Huggingface Transformers
library [22]. Words are initially stemmed using the rule-based
algorithm, while the mT5-small model is applied in cases
where the rule-based algorithm fails to produce a stem.
Dataset. We used 23,181 samples as a training set to fine-
tune the mT5-small model, while a challenging dataset of
1,650 samples was used for testing. Furthermore, we evaluated
Somstem using an additional set of 636 samples representing
various parts-of-speech in the Somali language.

Evaluation metrics. To assess the performance of Somstem,
we utilized standard evaluation metrics such as precision,
recall, accuracy, and Fl-score.

A. Baseline methods

We compare Somstem with the following baseline meth-
ods: (1) Rule-based algorithm integrated with Hidden Markov
Models (HMM) [23]: A statistical approach commonly em-
ployed for stemming and tagging tasks. (2) Morfessor [24]:

A statistical toolkit designed for morphological segmentation
across multiple languages. (3) ChatGPT [25]: Specifically,
we used GPT-3.5-turbo and GPT-40-mini via the OpenAl
APL. (4) DeepSeek-V3 [26]: A recent language model based
on a mixture-of-expert architecture. (5) Rule-based algorithm
integrated with two fine-tuned variants of BERT: roberta-
base [27] and mbert-base-cased [28], both recognized for their
robustness and efficacy in language understanding tasks.

V. RESULT ANALYSIS

In this section, we discuss the results. restricting our report
to those obtained from the test dataset.
Comparison with conventional methods. Table 1 presents
the performance of Somstem in comparison with conventional
methods. The results show that Somstem outperforms all
competing models, achieving precision, recall, and F1-scores
of 82.45%, 79.70%, and 79.84%, respectively. Morfessor
recorded the lowest scores, underscoring the limitations of
purely statistical approaches and highlighting the advantages
of hybrid systems that incorporate rule-based methods. Fur-
thermore, as illustrated in Fig. 2b, Somstem achieves a higher
accuracy score of 80%.

TABLE I
PERFORMANCE COMPARISON OF Somstem WITH OTHER CONVENTIONAL
MODELS. BOLD INDICATES THE BEST PERFORMANCE, WHILE THE
UNDERLINED INDICATES THE SECOND-BEST SCORES (%). (HMM +
RULES = HIDDEN MARKOV MODEL INTEGRATED WITH OUR RULE-BASED
ALGORITHM).

Model Precision Recall F-score
Morfessor 21.13 22.48 21.39
HMM-+Rules 80.27 72.67 74.91
Somstem 82.45 79.70 79.84

Comparison with LLMs. To evaluate LLMs in low-resource
stemming, we employed a 3-shot learning paradigm using a
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Fig. 2. The impact of the rule-based algorithm on the performance of fine-
tuned PLMs (a) and a comparison of accuracy between Somstem and two
conventional methods (b).

prompt template adapted from [6]. DeepSeek-V3 and GPT-4o-
mini achieved comparable F1-scores of 52.92% and 52.09%,
respectively (Table II), with DeepSeek-V3 performing slightly
better. While these LLMs demonstrate potential, Somstem
significantly outperforms them, likely due to the integration
of the rule-based system. As shown in Fig. 3b, DeepSeek-V3
achieves the highest accuracy among the three LLMs in the
3-shot setting. Table V shows sample stemmed words.

TABLE II
COMPARISON OF Somstem WITH THE LLMS ON THE TEST DATASET (%).

Model Precision Recall F'-score

gpt-3.5-turbo 49.42 31.61 35.37

gpt-40-mini 64.21 47.87 52.09

DeepSeek-V3 66.38 48.16 52.92

Somstem 82.45 79.70 79.84
TABLE III

PERFORMANCE COMPARISON OF Somstem WITH OTHER FINE-TUNED
PLMS INTEGRATED WITH THE RULE-BASED ALGORITHM (%).

Model Precision Recall F-score
RoBERTa+Rules 79.53 73.15 74.83
mBERT+Rules 79.98 73.70 75.33
Somstem 82.45 79.70 79.84

Impact of fine-tuned pretrained language models. To eval-
uate the strength of the mT5-small model in addressing our
problem, we compared it with two other models that are
also integrated with the rule-based algorithm. Specifically,

B Before stemming
1 After stemming
0.45 0.45 0.45

N gpt-3.5-turbo
I gpt-40-mini

Accuracy

F1-Score

Precision Recall

() (b)

Fig. 3. Impact of Somstem on Information Retrieval (a) and (b) accuracy
comparison of different LLMs.

we examined two fine-tuned variants of BERT: roberta and
mbert, both widely recognized for their robustness and efficacy
in language understanding tasks. As shown in Table III,
Somstem demonstrates exceptional performance.
Morphological sensitivity. Given the importance of parts-of-
speech tagging in NLP, we also assessed the robustness of
Somstem across various parts-of-speech categories as detailed
in Table IV. The evaluation revealed that adjectives and
numbers were handled most effectively, while proper nouns
exhibited the lowest performance.

The impact of the rule-based system on performance. We
removed the rule-based algorithm from mT5-small to evaluate
its impact and compared the results with other models that
also lacked rule-based components. As shown in Fig. 2a, mT5-
small outperformed all other models. This is evidence that the
fine-tuned mT5 model can help our rule-based algorithm by
handling unseen words that are out of the scope of the rules.

TABLE IV
THE PERFORMANCE OF Somstem IS EVALUATED ACROSS VARIOUS
SOMALI PARTS-OF-SPEECH CATEGORIES (%). EACH CATEGORY IS
ASSESSED USING A SAMPLE OF 100 RANDOMLY SELECTED DICTIONARY
WORDS, WHILE THE NUMBER CATEGORY IS EVALUATED BASED ON 36
DISTINCT REPRESENTATIONS OF NUMBER WORDS.

Parts-of-speech category Precision Recall F}-score
ADJECTIVE 83.33 83.00 82.93
VERB 78.00 78.01 77.67
NOUN 72.74 72.73 72.73
PROPER NOUN 65.00 65.00 65.00
ADVERB 76.00 78.00 76.67
PROPNOUN 76.02 74.00 73.87
NUMBER 100.00 100.00 100.00
TABLE V
SAMPLE STEMMED WORDS.

Word Rule Applied Stem Translation

Warka Remove ka war news

Xarunta Remove ra xarun station

Maamulid Remove id maamul manage

A. Impact of Somstem on information retrieval

We evaluated the effectiveness of the algorithm for in-
formation retrieval using the top 20k rows from [29]. We
constructed a set of relevant queries, we then, used a BM25
retriever [30]. The results demonstrated that applying the
stemmer improved performance, increasing recall from 36%
to 45% and precision from 36% to 45% (see Figure 3a). This
improvement was observed when retrieving the top K (K@10)
relevant documents, using both original words and stemmed
words as query expansion terms.

B. Index compression factor

We selected the top 20k rows from a Somali corpus [29], to
evaluate the effectiveness of the proposed stemmer in reducing
the index size of words. The initial selection comprised
702,834 words, including 58,285 unique stems. After applying
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the stemmer, the corpus size decreased to 692,159 words,
with 25,575 unique stems remaining. These results indicate
a significant reduction in index size.

C. Computational efficiency

Using our machine (Windows 10, 32GB RAM, NVIDIA
GeForce RTX 3080 Ti Laptop GPU), we evaluated Somstem’s
computational efficiency. Processing 500 words required just
3.9 seconds, while 1,650 words were processed in 9.6 seconds.

VI. CONCLUSION

In this paper, we present Somstem, the first publicly avail-
able stemmer for Somali, a low-resource language. To develop
this tool, we identified over 700 morphological affixes in
Somali and designed a rule-based algorithm integrated with
a fine-tuned mT5-small model. Additionally, we constructed
a dataset of 25,467 annotated word—stem pairs to fine-tune
the model and evaluate its performance. Comprehensive eval-
vations demonstrate that Somstem outperforms both tradi-
tional machine learning approaches and state-of-the-art LLMs,
achieving an Fij-score of 79.84% while exhibiting strong
morphological sensitivity. Somstem is well-suited for practical
applications, such as search engines, machine translation, and
information retrieval systems. To the best of our knowledge,
it is the first publicly available tool of its kind for the Somali
language, representing a significant milestone in advancing
NLP for Somali. As future work, we recommend adding
additional rules to the rule-based algorithm.
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