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Abstract. The use of large language models (LLMs) have grown sig-
nificantly worldwide, offering numerous benefits but also posing risks of 
misuse. For example, LLMs can generate harmful content, such as hate 
speech targeting specific individuals or groups. Although recent research 
has begun addressing the detection of LLM-generated hate speech, low-
resource languages remain markedly underrepresented. As LLMs are 
increasingly adopted by culturally and linguistically diverse communi-
ties, it is essential to evaluate their impact across all languages they are 
trained on, including those with limited resources. Code-switching, the 
practice of alternating between two or more languages within a single 
piece of content, presents unique challenges for automated hate speech 
detection. This study investigates the capability of LLMs to detect hate 
speech in Somali-English code-switched texts and introduces an evalua-
tion framework that integrates local linguistic knowledge. We employ in-
context few-shot learning and retrieval-augmented generation to enhance 
detection p erformance. Moreover, we develop a high-quality benchmark
dataset consisting of 3,012 Somali-English code-switched texts contain-
ing explicit hate speech. Our findings reveal that while LLMs perform
well in detecting hate speech in English segments, they struggle with the
Somali segments, especially when the English portion expresses strong
positive sentiment. Our proposed linguistic adjustments and strategies
significantly enhance LLM performance in these multilingual and code-
switched contexts. Our code and dataset are available at:https://github. 
com/Abdisalam-Badel/SECSHSD 
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1 Introduction 

The rapid proliferation of social media applications in recent years has brought 
numerous advantages, including the facilitation of communication, information 
sharing, and access to resources. While these developments have simplified and 
enriched many aspects of daily life, they have also introduced significant chal-
lenges, some of which negatively affect users and may even lead to psychological
trauma [24]. One of the most pressing concerns is the rise of hate speech, which 
has become increasingly pervasive on social media platforms [24]. Hate speech 
is broadly defined as offensive language directed at specific groups based on 
characteristics such as ethnicit y, sexual orientation, gender, religion, national-
ity, or race [18]. Its widespread presence online poses serious challenges for b oth
users and platform regulators [9]. In response, researchers have developed var-
ious methods to address this issue. For example, [15] introduced a benchmark 
dataset for explainable hate speech detection in English. More recent studies have 
employed pre-trained language models (PLMs), such as BERT a nd RoBERTa,
which have been fine-tuned for hate speech detection tasks [14]. Furthermore, 
LLMs have emerged as promising tools in this domain. For instance, [21] utilized 
zero-shot learning with LLMs for hate speech detection. However, despite these 
advancements, significant gaps remain. Many low-resource languages, including 
Somali, are underrepresented in hate speech detection research, likely due to 
the scarcity of well-annotated datasets. Another major challenge arises when 
hate speech contains more than one l anguage, a phenomenon known as code-
switching, which refers to the alternation between two or more languages within
a single comment or post [22]. This is particularly common in bilingual and mul-
tilingual communities. Although hate speech detection is a critical and growing 
area of research in the context of evolving social media, to the best of our knowl-
edge, no prior studies have focused on Somali, particularly in code-switched 
scenarios. Therefore, the aim of this study is to investigate hate speech detec-
tion in Somali-English code-switched text, with a particular focus on evaluating 
the capabilities and safety of LLMs in this context. To this end, we constructed 
a dataset comprising 3,012 Somali-English code-switched samples, annotated 
into two categories: hate and normal. These samples were sourced from three 
major social media platforms: X (formerly Twitter), YouTube, and TikTok. We 
explore the effectiveness of LLMs in addressing this problem using in-context 
few-shot learning and retrieval-augmented generation (RAG). Additionally, we 
enhance model performance by incorporating local knowledge, such as hate-
related Somali lexicons. Finally, our contributions are as follows: (1) We system-
atically evaluate the ability of LLMs to detect hate speech in Somali-English
code-switched text, enhancing their performance through local knowledge of a
hateful lexicon and RAG within a novel evaluation framework. (2) We introduce
the first publicly available dataset specifically designed for Somali-English code-
switched hate speech detection. (3) We conduct extensive experiments to explore
various retrieval methods that improve hate speech detection in code-switched
content.
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2 Related Work 

Previous research has explored various approaches to h ate speech detection.
For example, [20] employed supervised machine learning techniques,

while [13] utilized deep learning methods such as Bi-LSTM, L STM, and CNN.
Additionally, [8] proposed leveraging linguistic features to address hate speech in 
Spanish. Recently, research has increasingly focused on the adoption of PLMs.
For instance, studies such as [14] employed models like mBERT and PTT5. 
More recently, LLMs, such as ChatGPT, have emerged as promising too ls for
hate speech detection. Notable contributions in this area include [9]  and [19], 
which evaluated the performance of LLMs in this context. In addition to PLMs 
and LLMs, RAG techniques have gained attention f or their potential in hate
speech detection. For example, [26] explored the application of LLMs combined 
with RAG methods to detect abusive language, and [11] explored Multimodal 
method for Hate Detection. Further research has addressed hate speech detection 
across differen t languages and settings, including high-resource languages such
as English [3], Chinese [5], and Hindi [2]. Low-resource languages, such as Wolof 
and Swahili [10]. Cross-lingual approaches, such as the one explored in [16], have 
further contributed to this area of research. Similarly, [22] examined hate speech 
detection in code-switched Hindi-English texts, where speakers use more than 
one language within a single post or comment. Cod e-switching introduces unique
challenges for detection systems due to its linguistic complexity.

Despite these advancements, hate speech detection in many low-resource lan-
guages, including Somali, remains underexplored. This paper seeks to address 
this gap b y investigating hate speech detection in Somali-English code-switched
text.

3 Methodology 

3.1 Overall Architecture 

Figure 1 illustrates our workflow. We begin by processing the training data, 
dividing it into smaller chunks. Each chunk is transformed into embeddings 
using our embedding model and stored in a vector database (Vector DB). For 
the test data, each row is converted into an input, and relevant rows from the 
training data are retrieved for that specific input. Each input is transformed
into embeddings and tokens, which are used to search for both semantically
similar embeddings and lexically similar words within the vector database and
the training data.

The results of the semantically related embeddings and lexically similar words 
are then combined. The top 3 most relevant rows for each input are retrieved to 
form the context. This context, along with the original input, is combined with 
a prompt and passed to the LLM. The response generated for each final prompt
is then classified as either hate speech or normal text. It is important to note
that, in this diagram, the training data serves as the external source.
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Fig. 1. Overall workflow: In this workflow, Cosine(i) is the normalized cosine similarity 
of the ith row, while BM25(i) is the normalized BM25 of the ith row. Here the Context 
contains top 3 relevant rows from training data to the input (query) from the test data.

We have divided the dataset into training and test sets with 1,812 and 1,200 
samples, respectively. The reported findings in the paper are based on the test 
data. Hateful words refer to contextually hateful words and phrases. Our
prompt configuration contains the default parameters for all the LLM models
applied.

4 Experiments 

4.1 Dataset 

We constructed a new dataset to address the detection of Somali-English code-
switched hate speech. The dataset consists of user-generated comments sourced 
from three prominent social media platforms: X, YouTube, and TikTok. The data 
statistics include a total of 3,012 samples, of which 1,862 are labeled as (hate 
speech) and 1,150 as (normal). The annotation process was carried out by 
three native Somali sp eakers, who engaged in iterative discussions to ensure label
quality and consistency. All annotators possess a strong command of English,
enabling them to accurately interpret and label content in both languages.

The dataset has been anonymized to protect user privacy and contains no 
personally identifiable information. Furthermore, we adhered to the data collec-
tion policies of X, YouTube, and TikTok, ensuring that only publicly available 
user-generated text was collected. The o verall annotation process was supervised
by the first author, a native Somali speaker, to maintain accuracy and reliability.

Table 1 presents several examples from the benchmark dataset, accompa-
nied by their full English translations. In these translations, Daarood refers to a 
Somali clan, while iidoor is a derogatory term used as an insult against another 
Somali clan. Abaarso is the name of a school, but in this context, it is mentioned
in a derogatory manner. The term is used as an insult, implying that being a
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graduate of this school reflects poorly on an individual’s character or culture, 
thereby portraying the school in a negative light. These words, along with many 
others, are frequently used in written formats or live podcasts during clan-based 
debates. Recent reports from Somalia indicate that hate speech in the country,
recovering from clan-based civil wars waged by clan militias, may worsen the
situation [1]. In this study, we classify offensive language, abusive text, cyber-
bullying, sexism, and similar forms of harmful expression under the umbrella 
term hate speech. Please note that, throughout the paper, we use the terms 
code-switched and code-mixed interchangeably. In conclusion three annotators 
participated in the task. We determined disagreements through a voting process 
applied to the samples we annotated. In the first round, we got a sample-level 
annotation agreement of over 73%. However, we conducted a discussion process 
covering three rounds to achieve agreement on all samples and resolve any incon-
sistencies. The dataset is entirely code-switched, meaning every sample in the
dataset contains code-switches, making it a 100% code-switched dataset. Finally,
we informed our annotators about the planned use of the dataset and paid them
fairly. We also state that we created this dataset for academic research purposes.

Table 1. Sample annotations from t he dataset.

Text Label 
(1). Daarood dabo ku dhiigle, we not ready to listen you Hate 
Translation: Daarood the blood ass, we are n ot ready to listen you
(2). For me, it is ok, uma arko wax dhibleh normal 
Translation: For me, it is okay; I do n ot see it as a problem.
(3).Dhaqaniyan they are known as thieves, mooryaan tuugo ah Hate 
Translation: Culturally, they are known f or theft and stealing.
(4). Cry as usual iidoor abaarso, hooyadiin wasee Hate 
Translation: Cry as usual, iidoor, abaarso, f*c k your mothers.

4.2 Implementation Details 

Using the Transformers library [ 25], we employed the sentence-
transformers/all-MiniLM-L6-v2 model to generate sentence embeddings. 
Retrieval was performed through a hybrid approach that combined BM25 [23] 
with cosine similarity. BM25 was selected for its effectiveness in capturing lex-
ical similarity and ranking, particularly in longer documents, while cosine sim-
ilarity was used to capture semantic r elationships between texts. We evaluated
three ChatGPT variants: gpt-3.5-turbo, gpt-4, and gpt-4-mini [17], alongside 
the DeepSeek-V3 [4] model. To improve detection accuracy and efficiency, we 
adopted a 1-shot in-context learning prompting strategy. In our hybrid retrieval 
system, the top-k relevant rows were selected by normalizing retrieval scores and
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averaging the outputs of BM25 and cosine similarity. This ensured that the top-k 
retrieved rows (set to 3 in our case) served as contextual input for subsequent
processing.

Notably, BM25 operates directly on tokenized query terms without requiring 
embedding generation, as described in our workflow . The top-k rows were iden-
tified based on Eq. 1, while cosine similarity was computed using Eq. 2,  which  
follows the commonly used d ot product formulation.
Evaluation Metrics: To evaluate performance, we employ several metrics, 
including Recall, Precision, Accuracy , F1-score, and Macro-F1.

Good job Sacad Yoonis.  Bal Futaxun Habar-
Jeclo meel ha gasho. Hadaan dhulku idinku 

yaraan Futaxuneey beenaale baan ahay. 
Input 

Correct LLM errors 

LLM Response 

Input

 Hate 

Normal 

HateGround truth 

Wrongly classified 

Correctly classified 

LLM Response 

1 2 

Good job Sacad Yoonis.  Bal Futaxun Habar-
Jeclo meel ha gasho. Hadaan dhulku idinku 

yaraan Futaxuneey beenaale baan ahay. 

LLMs prediction after providing our hateful wordsLLMs prediction before providing our hateful words 

Fig. 2. Demonstrates how we enhanced the LLMs’ ability to understand Somali text. 
The left side presents its output prior to the addition of hateful words, while the righ t
side illustrates its improved performance after the introduction of this hateful words
to the LLMs.

topK(i)  =  α · Cosine(i)  +  (1  − α) · BM25(i) (1) 

We set α = 0.5, where α is the weighting factor that balances our retrievers, 
i denotes the ith row in the dataset, Cosine(i) is the normalized cosine similarit y
of the ith row, and BM25(i) is the normalized BM25 score of the ith row.

similarity(θ)  =  
a · b 

a b
(2) 

where a is the embeddings of the input (query) and b is the embeddings of
training data (rows).

4.3 Baseline Models 

We adopted three baseline systems: (1) LLMs Only: We experimented with 
LLMs without additional retrieval. (2) Dense Retrieval with FAISS: We used
FAISS [7], a vector database and indexing-based library developed by Meta 
(Facebook), for dense retrieval. In this setup, FAISS was used for indexing
and vector database management, while embeddings were generated using the
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sentence-transformers/all-MiniLM-L6-v2 model. (3) Fine-Tuned PLMs: We 
utilized two PLMs, BERT [6]  and  RoBERTa [12], both of which are well estab-
lished for classification tasks. These models were fine-tuned over three epochs 
with a learning rate of 2e-5 and a batch size of 32.

5 Main Results 

Our hybrid approach, as presented in Table 2, significantly outperforms the base-
line systems, with DeepSeek-V3 and gpt-3.5-turbo achieving accuracies of 78.33% 
and 77.17%, respectively. A detailed performance breakdown is also provided
in Table 2, and Table 3, while the performance of DeepSeek-V3 is visualized in
Fig. 5a. Despite these improvements, misclassifications remain, particularly when 
English portions are strongly positive, as demonstrated in the resolved exam-
ple in Fig. 2. This highlights the persistent challenges of adapting models to 
low-resource languages. FAISS showed the lowest performance, likely due to its 
reliance on large corpora, an inherent limitation in Somali-language contexts,
given our limited resources and small dataset. Figure 5b illustrates correlation 
percentages for specific slurs i dentified in the dataset.
Performance Analysis of Baseline Systems. As  shown  in  Table 3, LLM-
only approaches underperform compared to RAG-augmented models, although 
DeepSeek-V3 performs very closely to our hybrid method. For example, 
RoBERTa and BER T achieve lower accuracy than their hybrid counterparts (see
Table 2), underscoring the advantages of incorporating local linguistic knowl-
edge, such as contextually hateful words. While LLM-only systems demonstrate 
strong performance in individual target categories as can be seen Fig. 3b, their 
Macro-F1 scores remain lower than those of RAG-enhanced LLMs, as illustrated
in Fig. 4a. 

Table 2. Performance comparison of our hybrid approach w ith baseline systems.

Retriever Model Precision Recall F1-score Accuracy 
Hate Normal Hate Normal Hate Normal 

– BERT 64.04 54.05 88.44 21.51 74.29 30.77 62.50 
– RoBERTa 61.97 66.67 98.64 4.30 76.12 8.08 62.08 
FAISS gpt-3.5-turbo 33.33 38.53 0.27 99.14 0.54 55.49 38.50 

gpt-4o-mini 1.00 38.67 – 1.00 – 55.77 38.67 
gpt-4o 1.00 38.67 – 1.00 – 55.77 38.67 
deepseek-V3 – 38.62 – 99.78 1.00 55.68 38.58 

Hybrid gpt-3.5-turbo 78.17 75.00 87.09 61.42 82.39 67.54 77.17 
gpt-4o-mini 89.05 61.96 66.30 87.07 76.01 72.40 74.33 
gpt-4o 96.14 53.76 47.42 96.98 63.51 69.18 66.58 
deepseek-V3 84.29 70.16 79.48 76.51 81.82 73.20 78.33
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These findings suggest that LLM performance can be significantly improved 
when supplemented with language-specific data.

Table 3. Performance comparison of our hybrid approach with LLMs-only (Retr = 
Retriever, Acc = Accuracy).

Retr Model Hybrid LLMs only 
Precision Recall Acc. Precision Recall Acc. 
hate normal hate normal hate normal hate normal 

Hybrid gpt-3.5-turbo 78.17 75.00 87.09 61.42 77.17 81.51 67.20 77.85 71.98 75.58 
gpt-4o-mini 89.05 61.96 66.30 87.07 74.33 91.94 57.62 57.34 92.03 70.75 

gpt-4o 96.14 53.76 47.42 96.98 66.58 98.49 49.20 35.46 99.14 60.08 
deepseek-V3 84.29 70.16 79.48 76.51 78.33 76.61 79.27 90.76 56.03 77.33 

5.1 Ablation Study 

We conducted two ablation studies: (1) examining the effects of retrieved rele-
vant rows by setting k=1, and (2) assessing the effectiveness of retrieval methods
by testing BM25 and cosine similarity individually. Figure 4b  shows  a  Macro-
F1 comparison of the different retrievers, while Table 4 presents their overall 
results. Both BM25 and cosine similarity retrievers perform w ell, as shown in
Table 4, emphasizing the importance of robust retrieval in code-switched hate 
speech detection. However, the benefits of RAG vary across models: the perfor-
mance gain for GPT-4o exceeds that of DeepSeek-V3 during with and without 
RAG, indicating potential mod el-specific adaptation requirements. Due to bud-
get constraints, our ablation analysis was limited to k = 1 retrieval results,
as shown in Fig. 3a, where DeepSeek-V3 achieved the highest accuracy. Notably, 
zero-shot analysis wa s excluded from this evaluation.

Fig. 3. Accuracy of our hybrid approach when K = 1 (a) and F1-score comparison of
individual hate and normal targets in LLMs-only (b).
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Table 4. Performance of individual BM25 and cosine similarity retrieval metho ds (Retr
= Retriever).

Retr Model Precision Recall F1-score Accuracy 
Hate Normal Hate Normal Hate Normal 

BM25 gpt-3.5-turbo 77.66 73.75 86.41 60.56 81.80 66.51 76.42 
gpt-4o-mini 88.45 62.64 67.66 85.99 76.67 72.48 74.75 
gpt-4o 98.89 49.57 36.28 99.35 53.08 66.14 60.67 
deepseek-V3 75.74 84.91 94.16 52.16 83.95 64.62 77.92 

Cosine gpt-3.5-turbo 84.25 61.81 69.02 79.53 75.88 69.56 73.08 
gpt-4o-mini 91.75 59.30 60.46 91.38 72.89 71.93 72.42 
gpt-4o 98.13 49.25 35.73 98.92 52.39 65.76 60.17 
deepseek-V3 79.19 76.03 87.36 63.58 83.07 69.25 78.17 

Fig. 4. Macro-F1 comparison of our hybrid approach with LLMs-only (a) and different
retrievers (b).

5.2 Error Analysis 

As discussed in Sect. 5 and illustrated in Fig. 2, the proposed model effectively 
identifies the English portions of the code-switched data. However, the model 
fails to detect futaxun as hate speech targeting a group. This failure occurs 
because the model’s understanding is influenced by the presence of the English 
phrase good job at the beginning of the sentence. Similarly, in another sample, 
the word fuleeynimada is mistakenly perceived as positive text, even though it 
constitutes a hate speech. These examples h ighlight that positive words in the
sentences can weaken our model’s capacity to detect hate words. Lastly, although
various words were misclassified, these words are those we recorded in the first
run of our experiments.

Takeaways. Our study finds that while LLMs effectively detect hate speech in 
high-resource languages like English, their performance declines significantly in 
low-resource languages, such as Somali. This gap underscores the limitations of
LLMs in protecting users from linguistically marginalized communities.
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Fig. 5. Confusion matrix of DeepSeek-V3 on our hybrid approach (a) and (b) correla-
tion p ercentage of selected hate slurs in the dataset.

However, our findings suggest that leveraging high-quality annotated datasets 
for low-resource languages is crucial in addressing these shortcomings a nd
improving model robustness. Evidence for this is presented in Fig. 2,  where  
we demonstrate how correcting the LLM enabled it to a ccurately classify a text
that was initially misclassified.

6 Conclusion 

In this paper, we propose a novel framework for detecting code-switched Somali-
English hate speech. Our primary objective is to enhance the safety and relia-
bility of LLMs when processing code-switched Somali-English text, a linguistic 
phenomenon common among Somali speakers. We conducted the study in two 
phases. First, we constructed a benchmark dataset comprising 3 ,012 Somali-
English text samples. Second, we developed an evaluation framework that inte-
grates LLMs with RAG and contextually hateful words to identify hate speech.

Our findings indicate that while LLMs perform well in detecting English 
hate speech, they encounter significant challenges when processing Somali. Nev-
ertheless, we demonstrate that LLM performance in low-resource languages can 
be substantially improved through the use of high-quality, language-specific 
datasets. Overall, our contributions, including the benchmark dataset, offer a 
valuable resource for researchers and organizations aiming to build safer and 
more inclusive language technologies for linguistically diverse communities. How-
ever, this study represents a significant starting point. We encourage further
research to build upon our findings and address the remaining challenges in
detecting hate speech in low-resource settings.
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Limitations. Our study has several limitations that present opportunities for 
future research. First, the limited size of our dataset may require future expan-
sion. Second, budget constraints restricted our ablation study to a K value of 1. 
This restriction stems from the significant cost increases associated with higher 
K  values.  For  example,  when  K  =  2,  the  dataset expands to three times its orig-
inal size (2 + 1 = 3 samples per prompt), which increases the number of tokens 
per prompt and, consequently, the financial cost. Future studies could investigate 
the effects of higher K values to achieve more comprehensive analyses. Third, 
our study focused o n a few-shot approach and did not include a zero-shot anal-
ysis, primarily due to budgetary limitations. Finally, we encourage the research
community to expand the dataset to address these constraints. Moreover, we
recommend that AI companies developing LLMs prioritize mitigating the chal-
lenges associated with these models, especially in scenarios where the English
portion of code-switched data conveys strong positive sentiment.

Open Science 

We are prepared to share our developed artifacts, including the code, designed 
prompts, dataset, and setup scripts, with the scientific community. This may be 
particularly beneficial for research on low-resource languages. 
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