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Abstract
Inserting English words, phrases, or sentences
while writing or speaking in the Saudi Arabic
dialect has become a widespread phenomenon
in Saudi society. This phenomenon is linguis-
tically called code-switching. It remains un-
clear how current sentiment analysis methods
perform on Saudi-English code-switching text.
In this paper, we address this gap by conduct-
ing the first sentiment analysis study on Saudi-
English code-switching text. We present the
first Saudi-English Sentiment Analysis Code-
Switching Dataset (SESA-CSD) and establish
baseline results on this dataset. By evaluating
multiple state-of-the-art small language mod-
els, we achieve improvements over the base-
line of 3% to 11% in both accuracy and macro-
F1. Among all small language models, XLM-
RoBERTa achieved the highest performance,
with an accuracy of 95.50% and a macro-F1
of 95.53%. Our findings indicate that multilin-
gual and Arabic small language models, such
as XLM-RoBERTa, GigaBERT, and SaudiB-
ERT, consistently outperform bilingual Arabic-
English large language models, such as Fa-
nar and ALLaM, across zero-shot and multiple
few-shot settings.

1 Introduction
Sentiment analysis is the computational analysis
of people’s opinions, attitudes, and behaviors to-
wards a given topic, issue, or entity (Liu, 2012). It
is a well-established task within Natural Language
Processing (NLP) and has been extensively stud-
ied for decades across diverse languages, including
English and Arabic. The Arabic language poses
considerable challenges for many NLP tasks due to
its rich morphological system, substantial dialectal
variation, orthographic inconsistencies, and lim-
ited availability of linguistic resources (Darwish
et al., 2021; Badaro et al., 2019). Nevertheless, sig-
nificant research efforts have been undertaken to
address these challenges, and continuous progress

has been made in this area (Badaro et al., 2019).

The Saudi dialect is one of the Arabic dialects
spoken in Saudi Arabia. Several studies have
been conducted on sentiment analysis in Saudi di-
alects and have reported promising results (Adda-
wood et al., 2020; Al-Rubaiee et al., 2016; Al-
muqren and Cristea, 2021; Bayazed et al., 2020;
Alqahtani et al., 2022). However, a noticeable
shift in the language used in everyday communi-
cation among speakers of the Saudi dialect has
become evident (Alowidha, 2024). Recently, it
has become common practice to insert an English
word, phrase, or sentence when speaking or writ-
ing in the Saudi dialect, a phenomenon linguis-
tically known as code-switching. According to
Poplack (1980), code-switching is the shifting be-
tween two languages, which can occur within the
same sentence or between sentences. It is cat-
egorized into three main types: intra-sentential,
when switching occurs within a sentence; inter-
sentential, when switching occurs between sen-
tences; and tag-switching, when tags such as in-
terjections, fillers, or idioms (Ternovykh and Niki-
forova, 2023) are inserted into a sentence. Intra-
word code-switching is another form presented by
Stefanich et al. (2019), which occurs at the word
level by adding a root or affix from one language
to another.

Code-switching has become increasingly prevalent
among bilingual speakers of English and Arabic
in Saudi Arabia, particularly among younger gen-
erations. Some examples of code-switching in
the Saudi dialect are presented in Table 1. With
Saudi Vision 2030, which encourages education
and scholarships (Vision2030, 2025), the number
of Saudis who speak English is expected to in-
crease, leading to more code-switching in soci-
ety. With 99% of Saudis using the Internet (Com-
munications,Space and Technology Commission,
2025), we also expect the volume of generated and
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Code-switching Type Example Translation
Intra-sentential اࠍ੊ڎࢴࣖ. اৎ৊ڎߌߵ ؕ݁ meeting ؜ٷڎَ؇ اܳ٭ިم Today we have a meeting with the new manager.
Inter-sentential I will get a break.ّأٴ؇ن ਵਦة اܳ٭ިم أَ؇ I am so tired today. I will get a break.
Tag switching Oh my god, اܳڰފٺ؇ن ༡ߺࠊ ਵਦة Oh my god, the dress is gorgeous.
Intra-word . mall ال ଫ଍ًوح اܳ٭ިم Today we are going to the mall.

Table 1: Examples of Saudi-English code-switching texts.

shared data to be increasingly influenced by this
phenomenon.

While the sentiment analysis of the Saudi dialect
has been studied, no prior study has examined sen-
timent analysis of Saudi-English code-switching
texts. Therefore, it is unclear how existing meth-
ods and models perform on this type of textual
data, highlighting the importance of investigating
this phenomenon computationally. Our contribu-
tion can be summarized as:

1. We conducted the first sentiment analysis
study on Saudi–English code-switching texts
and established baseline results to support fu-
ture research.

2. We present the first Saudi–English code-
switching dataset for sentiment analysis
called Saudi-English Sentiment Analysis
Code-Switching Dataset (SESA-CSD), ob-
tained by annotating an existing dataset,
which will be publicly available.

3. We show improvements over the baseline by
testing multiple state-of-the-art multilingual
and Arabic language models.

The rest of the paper is organized as follows: Sec-
tion 2 discusses related work on code-switching
sentiment analysis. Section 3 provides details on
the dataset, including sampling, annotations, and
cleaning. Section 4 presents the experimental de-
tails and results, and Section 5 provides findings
and conclusions.

2 Related Work

With respect to sentiment analysis of Saudi-
English code-switching texts, no prior work has ex-
amined sentiment analysis in this type of textual
data. In contrast, the literature includes multiple
studies on sentiment analysis of code-switching
text in other Arabic dialects and other languages.
In this section, we present some related work
on sentiment analysis of code-switching text in

which English serves as the secondary language for
switching.

2.1 Sentiment Analysis of Arabic
Code-Switching Text

Most studies on sentiment analysis of code-
switching in Arabic have focused on North
African Arabic dialects, including Moroccan Ara-
bic, Tunisian Arabic, Algerian Arabic, and Egyp-
tian Arabic. This can be explained by the nature of
these dialects, which are known for extensive code-
switching.

Adouane et al. (2020) showed that in Algerian
YouTube comments, a CNN architecture outper-
forms LSTM, BiLSTM, and SVM models, achiev-
ing a 60.17% macro-F1. Adding sentiment lexi-
cons to the CNN and augmenting data for minor-
ity classes improved the CNN’s performance on
those classes. Similarly, Almasah et al. (2023) pro-
posed two CNN architectures to analyze the senti-
ment of 200 Egyptian-English reviews. The pro-
posed CNN architectures outperform LSTM, BiL-
STM, and a hybrid architecture that combines the
aforementioned models, achieving an accuracy of
83%. Furthermore, in Tunisian Facebook com-
ments, Jerbi et al. (2019) applied LSTM, BiLSTM,
Stacked LSTM, and Stacked BiLSTM, and showed
that both Stacked LSTM and Stacked BiLSTM sur-
passed the other models, achieving accuracies of
90% and 88%, respectively.

Regarding transformer-based models, Boudad
et al. (2023) investigated the performance of multi-
lingual pre-trained language models such as mul-
tilingual BERT (mBERT) (Devlin et al., 2019)
and XLM-RoBERTa (XLM-R) (Conneau et al.,
2020), and Arabic pre-trained language models
such as AraBERT (Antoun et al., 2020), MAR-
BERT (Abdul-Mageed et al., 2021), QARIB (Ab-
delali et al., 2021), CAMeL (Inoue et al., 2021),
and DarijaBERT (Gaanoun et al., 2025) in senti-
ment analysis on Moroccan datasets and an Ara-
bic multi-dialect code-switching dataset that in-
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cludes a mixture of English and French languages.
In code-switching data, the transformers outper-
formed traditional machine learning and deep
learning models, while all models achieved com-
parable performance, with F1 score ranging from
81.32% to 82.44%.

A recent study by Sherif and Sabty (2024) analyzed
sentiment in a dataset of 4,100 Egyptian–English
YouTube comments. They employed a BiLSTM
with a self-attention layer and a hybrid transformer
model and applied multiple Arabic and Arabic–
English embeddings. By applying an ensemble ap-
proach, feeding the outputs of the two best mod-
els into a single hidden layer, they achieved an
F1 score of 92.54%. Moreover, they compared
the performance of several large language models,
such as GPT-3.5-turbo, Gemini-1.0-pro, Gemini-
1.5-pro, and GPT-4o, across multiple configura-
tions. Fine-tuning GPT-3.5-turbo outperformed all
models and achieved a comparable result to the en-
semble model, with an F1 score of 92.76%.

2.2 Sentiment Analysis of Non-Arabic
Code-Switching Text

Spanish–English and Hindi–English are the most
common language pairs that have been studied in
the sentiment analysis literature. SemEval-2020
shared task 9 covered the sentiment analysis of
code-mixed tweets in these two language pairs
(Patwa et al., 2020). Multiple proposed models
were based on the transformer architecture. The
best performing model in the Hindi–English pair
was the XLMmodel (Conneau and Lample, 2019)
trained using adversarial samples to improve reg-
ularization, achieving a 75% F1 score (Liu et al.,
2020). In the Spanish–English language pair, the
best model achieved an 80.6% F1 score by aug-
menting machine translation data and using XLM
embeddings as input to a fully connected layer,
while optimizing the weighted loss based on the
complexity of the code-mixed data (Ma et al.,
2020).

In Tamil-English and Malayalam-English code-
switching texts, Balouchzahi and Shashirekha
(2021) showed that an ensemble model combining
Multilayer Perceptron, eXtreme Gradient Boost-
ing, and Logistic Regression trained on Char se-
quences, Byte Pair Encoding subwords, and syn-
tactic n-gram features outperforms both the sequen-
tial neural network model and the transfer learn-
ing model, achieving an F1 score of 72% and 62%

in Tamil-English and Malayalam-English, respec-
tively. In Hindi-English code-switching texts, Lal
et al. (2019) utilized two encoders built on a BiL-
STM architecture to capture the sentiment of both
the whole sentence and individual subwords senti-
ments. The encoders’ outputs are combined with
additional linguistic features and passed to fully
connected layers for the final prediction, achieving
an F1 score of 82.7%.

In the context of transformer-based models,
Sharma et al. (2023) employed the logits from
two transformer models—BERT, mBERT, and
XLM-R—and fed them into a fully connected neu-
ral network for final classification. The proposed
approach was applied to the English–Hindi and
English–Spanish language pairs and demonstrated
substantially higher performance compared with
the reported results on the GLUECoS benchmark.

3 Data

To conduct our experiments, we used the Ar-En
Code-Switching Textual Dataset (ArE-CSTD) (Al-
harbi et al., 2024). It is one of the limited datasets
available for Saudi-English code-switching text.
The data was derived by the National Centre for
Artificial Intelligence at the Saudi Data and Ar-
tificial Intelligence Authority (SDAIA). It is syn-
thetic data generated by GPT-4 and contains three
different versions of code-switching texts: Mod-
ern Standard Arabic with English, Egyptian di-
alect with English, and Saudi dialect with En-
glish. We constructed a 1k-sample dataset from
the Saudi-English version and annotated it with
three sentiment labels: positive, negative, and
neutral. The newly constructed dataset, referred
to as Saudi-English Sentiment Analysis Code-
Switching Dataset (SESA-CSD), constitutes the
first resource for sentiment analysis of Saudi-
English code-switching texts. The dataset is pub-
licly available for research purposes 1.

3.1 Data Sampling and Annotation
The original dataset comprises 100k samples in the
training set and 10k samples in the test set. To con-
struct the SESA-CSD train set, 800 samples were
selected from the training dataset based on the ratio
of English words to Arabic words. All high ratios
were excluded, as the dominant language was in-
tended to be the Saudi dialect. Stratified sampling

1https://github.com/samaherSG/SESA-CSD
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No. of sentences 1K
No. of tokens 10896
No. of Arabic words 5730
No. of English words 3878
Avg. English words per sentence 3.89
Avg. word per sentence 10.9
No. of unique words 785
Avg. ratio of English to Arabic words per
sentence 0.86

Code-Mixing Index (CMI) (Gambäck and Das,
2014) 30.29

Multilingual Index (MI) (Guzmán et al., 2017) 0.25

Table 2: SESA-CSD Statistics.

Sentence Sentiment
ᆇᅵ؇س! ਵّਦة ೑಻Ⴄ၍ وا৙৑ۏިاء amazing ೑಻Ⴄ၍ ᄭᄥڰ੆اࠍ

Positive
The party was amazing, and the vibe was
really exciting!
we’re going to the mall ، اৎ৊ڎرݿ۰ ًأڎ اܳ٭ިم

Neutral
Today after school, we’re going to the
mall.
! ّأص Ⴄ၍ن seriously اܳ٭ިم

Negative
Today, seriously, was tiring!

Table 3: Examples of SESA-CSD.

was employed to preserve the original data distribu-
tion. As for the test set, 200 samples were obtained
based on the training distribution. It is worth not-
ing that, upon examination of the samples, some in-
cluded Modern Standard Arabic (MSA) and other
dialects rather than Saudi. Since SESA-CSD rep-
resents Saudi-English code-switching, those sam-
ples were replaced while maintaining the distribu-
tion. Table 2 summarizes the SESA-CSD statis-
tics.

Regarding the SESA-CSD annotation, three Saudi
native speakers and fluent English speakers anno-
tated the dataset using three labels, yielding 268
positive, 276 negative, and 456 neutral samples.
Some examples are presented in Table 3.

Inter-annotator agreement was assessed using
Fleiss’ kappa (Fleiss, 1971) and Krippendorff’s
alpha (Krippendorff, 2011), both yielding 0.82,
demonstrating a high level of agreement among an-
notators.

3.2 Data Preprocessing
A significant step in constructing a robust model is
to clean and prepare the data. Therefore, the data
underwent several preprocessing steps, including:

1. Adding spaces between words (Arabic and

English), numbers, and punctuation for im-
proved tokenization. Additionally, we ob-
served that spaces betweenwords and the Ara-
bic letter و – referred to as waw – were of-
ten incorrect. This Arabic letter can function
either as part of a word or as a conjunction;
therefore, we identified all words beginning
with و and inserted spaces where necessary.

2. Normalizing Arabic and English letters.

3. Removing diacritics, numbers, invisible Uni-
code characters, and punctuation except for !
and ?.

4. Converting uppercase English letters to low-
ercase, unless they represent proper nouns.

5. Expanding English contractions.

6. Correcting certain misspelled words in Ara-
bic.

All the aforementioned preprocessing steps were
applied to the data used in training machine learn-
ing models. However, for fine-tuning small lan-
guage models, fewer steps were applied to preserve
sentence semantics and syntactic structure, includ-
ing adding spaces, removing invisible Unicode
characters, and correcting some Arabic words.

4 Experiments
In order to evaluate how current methods for sen-
timent analysis perform in Saudi-English code-
switching text, we conducted three experiments us-
ing classical Machine Learning models, small lan-
guage models (SLMs), and large language mod-
els (LLMs). To avoid confusion, we use the term
SLMs for models with parameter sizes in the mil-
lions and LLMs for models with parameter sizes in
the billions. The machine learning experiment is
considered our baseline, and we subsequently im-
prove upon it. In the following sections, we present
the experiments in detail.

4.1 Machine Learning Models
In this experiment, we trained eight machine learn-
ing models used in the literature for sentiment
analysis of Saudi dialects. The models are Sup-
port Vector Machine (SVM) with linear and non-
linear kernels, Logistic Regression (LR), Random
Forest (RF), Decision Tree (DT), Gaussian Naïve
Bayes (GNB), Multinomial Naïve Bayes (MNB),
and K-Nearest Neighbour (KNN). All models were
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trained using the scikit-learn library with default
parameters and a 5-fold cross-validation. As for
feature extraction, we extracted n-grams with n=1,
2, and 3, and Term Frequency-Inverse Document
Frequency (TF-IDF) with n=1, 2, and 3. We
repeated the experiment twice: with the code-
switching sentences and after removing English
words. We reported the accuracy and macro-F1
score for all experiments on the test dataset. Ta-
ble 4 presents the results for the experiment in the
code-switching sentences.

By analysing the results in Table 4, it is evident
that the highest performance was achieved by a lin-
ear SVM with unigram features, attaining an accu-
racy of 84% and a macro-F1 of 82.83%. In gen-
eral, the linear SVM exhibits strong performance
across multiple feature sets, although some mod-
els achieve comparable performance for certain fea-
tures. Notably, all models perform better with un-
igram features and with combined n-grams, while
performance degrades when using bi-gram and tri-
gram features. To further improve the results, we
applied a voting classifier that combines LR, a lin-
ear SVM, and GNB on TF-IDF with n=1, 2, and 3.
Both accuracy and macro-F1 improved by 1% and
1.77%, respectively, reaching 85% and 84.60%,
and these results serve as our baseline.

A common practice in Arabic sentiment analysis
studies is to remove all English words during the
data cleaning phase to prepare the data for the mod-
els. We argue that these English words carry sen-
timent and convey important information that may
contribute to the overall sentiment of the sentence.
To test our assumption that English words carry
sentiment and that their removal may affect model
performance, we repeated the previous experiment
on the dataset after removing all English words and
reported the results in a Table 5.

Consistent with our assumption, most models
exhibit a sharp decline in performance, espe-
cially those that performed strongly on the code-
switching sentences. The best results in this ex-
periment were 75% and 72.72% for accuracy and
macro-F1, respectively, indicating decreases of
about 9% in accuracy and 10% in macro-F1 com-
pared with the earlier experiment. Although MNB
achieved the highest performance in this experi-
ment, LR and linear SVM performed compara-
bly. Consistent with our previous findings, lin-
ear SVM performs strongly across multiple fea-

tures, and all models perform better with unigram
and with combined n-grams. A notable finding is
that RF, DT, and KNN improved with some fea-
tures in both accuracy and macro-F1 after remov-
ing the English words. In contrast, these models
had previously demonstrated lower performance
on code-switching sentences. This pattern may be
attributed to the introduction of noise by English
words, which these models appear particularly sen-
sitive to.

4.2 Small Language Models

To improve upon the baseline, we fine-tuned sev-
eral current state-of-the-art SLMs. Among multi-
lingual SLMs, we evaluated mBERT and XLM-R
(base and large). For Arabic SLMs, we evaluated
SaudiBERT (Qarah, 2024), AraBERT (base and
large), and CAMeLBERT (dialectal and mixed).
In addition, we evaluated GigaBERT (Lan et al.,
2020) as a code-switching model. For each model,
multiple configurations with early stopping were
applied to determine the optimal performance. Ta-
ble 6 presents the results. It is important to note
that for some models, the same results were re-
peated with different configurations but were not
reported due to space limitations.

It is notable that all SLMs outperform our base-
line, with the CAMeLBERT models as the excep-
tion. The overall improvement ranges from 3% to
11% in both accuracy andmacro-F1. XLM-Rmod-
els exhibit strong performance among all models,
with the base model outperforming the large vari-
ant, demonstrating a strong ability to classify senti-
ments presented in Saudi–English code-switching,
reaching 95.50% and 95.53% in accuracy and
macro-F1, respectively. GigaBERT demonstrated
strong performance and provides evidence that
training SLMs on code-switching data is essen-
tial for NLP tasks involving code-switching text.
For Arabic SLMs, all models achieved comparable
performance, except for the CAMeLBERT mod-
els. Despite SaudiBERT being smaller in parame-
ter count (143M), it achieved performance compa-
rable to AraBERT-Large (371M). This could be at-
tributed to it being the onlymodel explicitly trained
on the Saudi dialect, with English words retained
in the training data if their proportion did not ex-
ceed 50% of the total number of words in the sen-
tence.
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Model
TF-IDF
(n=1)

TF-IDF
(n=2)

TF-IDF
(n=3)

TF-IDF
(n=1,2,3)

n-gram
(n=1)

n-gram
(n=2)

n-gram
(n=3)

n-gram
(n=1,2,3)

Acc F1 Acc F1 Acc F1 Acc F1 Acc F1 Acc F1 Acc F1 Acc F1

LR 80.50 79.63 75.00 71.48 68.00 60.21 80.00 78.70 81.50 80.86 74.00 71.31 70.50 65.75 83.00 81.83

SVM (linear) 82.00 81.07 76.00 74.04 70.00 66.13 81.00 79.91 84.00 82.83 74.50 72.03 70.50 66.26 82.50 81.25

SVM (non-linear) 82.00 80.90 75.00 70.71 59.00 45.43 79.00 77.47 79.50 77.76 67.50 63.65 51.00 43.01 79.50 77.56

RF 74.50 71.62 69.50 63.32 55.50 38.52 76.00 73.25 76.00 73.47 68.50 62.03 56.00 37.85 73.50 70.07

DT 72.00 69.24 65.50 59.74 57.00 45.07 66.00 63.25 75.50 74.02 67.00 61.07 63.00 53.38 74.00 72.01

MNB 76.00 74.11 72.00 67.34 67.50 59.01 74.50 71.41 78.50 77.43 76.00 74.18 71.50 67.92 81.50 80.56

GNB 74.00 72.93 70.50 69.60 59.00 57.72 82.00 81.43 74.00 72.73 70.00 69.02 58.50 57.37 81.50 80.67

KNN 79.50 78.00 72.50 69.88 59.50 56.25 76.00 74.47 66.00 63.23 50.00 48.30 34.50 29.12 50.00 47.47

Table 4: Accuracy (Acc) and macro-F1 (F1) reported on in the code-switching sentences. Numbers in bold indicate
the best result for each feature.

Model
TF-IDF
(n=1)

TF-IDF
(n=2)

TF-IDF
(n=3)

TF-IDF
(n=1,2,3)

n-gram
(n=1)

n-gram
(n=2)

n-gram
(n=3)

n-gram
(n=1,2,3)

Acc F1 Acc F1 Acc F1 Acc F1 Acc F1 Acc F1 Acc F1 Acc F1

LR 73.50 70.99 68.00 63.10 60.50 49.73 73.00 69.94 75.00 71.48 68.00 63.57 60.50 49.92 74.50 71.40

SVM (linear) 73.00 69.66 72.00 67.97 64.50 57.04 75.00 72.39 70.00 66.36 68.50 64.21 62.50 53.14 72.00 68.25

SVM (non-linear) 74.00 70.32 67.50 61.55 58.00 44.97 72.50 69.09 69.50 64.97 67.00 58.72 57.00 41.06 72.50 68.76

RF 72.00 68.79 64.00 56.78 59.00 47.63 68.50 63.81 72.00 68.70 65.50 58.92 58.50 46.62 69.50 64.53

DT 63.50 60.16 64.50 59.97 60.00 48.69 70.50 68.21 68.00 65.64 64.00 58.12 58.50 47.07 70.00 67.84

MNB 72.50 68.59 68.50 63.12 62.00 51.83 72.00 68.02 73.00 70.31 69.50 65.61 66.50 60.10 75.00 72.72

GNB 57.50 56.95 65.00 64.96 54.00 56.20 71.50 70.78 57.00 56.51 65.50 66.00 54.00 56.22 71.50 70.62

KNN 69.50 67.66 67.00 65.21 55.00 38.29 70.50 67.97 68.50 63.40 56.50 46.43 49.50 30.71 57.00 49.34

Table 5: Accuracy (Acc) and macro-F1 (F1) reported on sentences after English removal. Numbers in bold indicate
the best result for each feature.

4.3 Large Language Models
In this experiment, we evaluate multiple bilingual
LLMs that were trained on both Arabic and En-
glish. We tested the following models: ALLaM-
7B-Instruct-preview (Bari et al., 2025), Fanar-1-
9B-Instruct (Abbas et al., 2025), AceGPT-v2-32B
(Huang et al., 2024), and Jais-2-8B-Chat (Anwar
et al., 2025). All models were evaluated on the in-
ference task without fine-tuning across k-shot set-
tings with k=0, 3, 5, and 10. In each k-shot setting,
k samples were provided in each class. We use sim-
ple and straightforward prompts in Arabic with all
models, asking them to analyze the sentiment of a
given sentence and choose between positive, neg-
ative, or neutral. A sample of a 3-shot prompt is
provided in the Appendix. For each prompt set-
ting, experiments were repeated three times, and
the average accuracy was reported, as detailed in
Table 7.

Among all models, Fanar demonstrates strong per-
formance across settings, achieving 88% accuracy
in the 5-shot learning setting, the highest observed
result among LLMs. Moreover, Fanar is the only
LLM that outperforms our baseline result in 3-, 5-,

and 10-shot settings by 1%, 3%, and 0.5%, respec-
tively. The Fanar performance may be attributed
to its exposure to dialectal Arabic during train-
ing. Following Fanar, ALLaM maintains competi-
tive performance across different settings, achiev-
ing the highest accuracy of 83.5% in the 3-shot
setting. Notably, Jais-2-8B-Chat outperformed all
models in the zero-shot setting, achieving 78.5%
accuracy, suggesting an advantage from training
on Arabic–English code-switching data alongside
Arabic dialects.

All LLMs exhibit performance variations across
shots, as shown in Figure 1. Clearly, all mod-
els demonstrate performance gains in the 3-shot
setting; however, performance declines when the
number of shots increases to 5 or 10, with Fa-
nar being the only exception. This reduction in
LLMs’ performance with an increasing number of
shots has been observed in some research on down-
stream NLP tasks such as Arabic dialect identifica-
tion (Al-Azani et al., 2024) and sentiment analysis
(Zhang et al., 2024). This suggests that increasing
the number of shots does not necessarily lead to
performance gains.
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Model Accuracy Macro-F1 Epocs Batch size Weight Decay Learning Rate
Baseline 85.00 84.60 - - - -
SaudiBERT 92.00 91.68 8 5 0.02 3e-5
mBert 88.50 87.92 5 16 0.1 3e-5
XLM-R-Base 95.50 95.53 5 5 0.01 2e-5
XLM-R-Large 94.00 94.07 10 5 0.01 2e-5
AraBERTv2-Base 90.50 90.27 8 3 0.01 2e-5
AraBERTv2-Large 92.00 91.89 10 32 0.01 5e-5
CAMeLBERT-Da 81.00 79.12 6 5 0.01 2e-5
CAMeLBERT-Mix 83.00 82.04 9 8 0.01 2e-5
GigaBERT-v4-Arabic-and-English 92.50 92.44 5 5 0.02 2e-5

Table 6: Accuracy and macro‑F1 for SLMs with optimal configurations.

Model Zero-shot 3-shot 5-shot 10-shot
ALLaM-7B-Instruct-preview 67.50 83.50 82.00 81.50
Fanar-1-9B-Instruct 60.00 86.00 88.00 85.50
AceGPT-v2-32B 48.50 82.50 80.00 63.50
Jais-2-8B-Chat 78.50 82.00 73.50 69.00

Table 7: Accuracy for LLMs across k-shot settings.

Figure 1: Performance trends of LLMs across different
shot settings.

5 Conclusion

In this paper, we conducted the first sentiment anal-
ysis study on Saudi-English code-switching texts
and introduced the Saudi-English Sentiment Anal-
ysis Dataset (SESA-CSD).We established baseline
results for this task by applying machine learning
models, achieving reasonable and competitive per-
formance. Our baseline was 85% accuracy and
84.60% macro-F1, achieved by a voting classifier
combining logistic regression, linear SVM, and
Gaussian Naive Bayes. We highlighted that re-
moving English words during the cleaning phase
negatively affected the machine learning models,
resulting in approximately 9% and 10% reduc-

tions in accuracy and macro-F1, respectively. By
applying state-of-the-art multilingual and Arabic
small language models, such as XLM-ROBERTa,
SaudiBERT, and GigaBERT, we improved upon
the baseline results by 3% to 11% in both accuracy
and macro-F1, respectively. Applying bilingual
Arabic-English large language models did not re-
sult in improvements over the baseline, with Fanar
being the exception, which improved performance
by 3% in the 5-shot setting.We conclude that mul-
tilingual and Arabic small language models out-
perform bilingual Arabic-English large language
models in zero-shot and few-shot settings for sen-
timent analysis of Saudi-English code-switching
text. Our findings underscore the need for addi-
tional datasets to study code-switching phenomena
in Saudi-English text and the necessity of training
languagemodels on code-switching data to achieve
optimal performance.

6 Limitations

The dataset used in this study is synthetic and was
generated by GPT-4. Using synthetic data offers
a practical solution to many challenges, as collect-
ing code-switching data is non-trivial. Most code-
switching occurs among younger generations on
social media platforms such as WhatsApp, which
requires consent from each participant, a require-
ment that is often impractical. For other platforms,
such as X, obtaining a sufficient number of tweets
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that represent code-switching can be costly. Spo-
ken code-switching also occurs in educational or
professional settings, which similarly necessitates
both participant consent and transcription for anal-
ysis. Consequently, the use of synthetic datasets
provides a practical solution to these challenges.
However, we have noticed that some samples may
exaggerate code-switching and adopt stylistic pat-
terns that do not reflect naturally occurring code-
switching in the Saudi community. Despite filter-
ing the samples to exclude phrases or words from
MSA and other Arabic dialects, we could not fil-
ter out samples that do not fully align with natu-
rally occurring code-switching practices in Saudi
Arabia. Therefore, experimenting with naturally
occurring code-switching datamight yield substan-
tially different results. We expected similar results
with simple, short sentences, but anticipated a de-
cline with complex sentences that includemore En-
glish and dialectal words and phrases.

In addition, Saudi Arabia has various dialects, such
as Najdi and Hijazi, which were not distinguished
in this study and were treated as a single dialect.
Moreover, the dataset is relatively small and im-
balanced; therefore, conducting the same exper-
iments on larger and/or more balanced datasets
could yield different performance.
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A Appendix
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Figure 2: Sample of a 3-shot prompt for LLMs.
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