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Abstract—This study presents a comparative study on the
effectiveness of large and pre-trained language models in an-
alyzing sentiment in Arabic financial news. While sentiment
analysis using Al has advanced significantly in English-language
finance, similar progress in Arabic remains limited. Most existing
Arabic models, such as AraBERT and CAMeLBERT, are trained
on general or social media posts and struggle with domain-
specific content like financial data. At the same time, modern
LLMs like ChatGPT and Gemini have not been thoroughly
tested on Arabic financial data. Our work addresses these gaps
by evaluating five models—ChatGPT, Gemini, Nuha (an Arabic
LLM), AraBERT, and CAMeLBERT—on a dataset of 10,166
financial news headlines from Argaam, a leading Saudi financial
platform. We conduct three key experiments. First, we conduct
a standard sentiment classification comparison across all models.
Second, prompt engineering experiment using zero-shot, one-
shot, and three-shot strategies. Finally, persona-driven analysis
where models respond from the viewpoint of different financial
roles. The results show that Nuha consistently delivers the highest
performance, except when prompts include user roles. They show
promising results, but did not achieve the highest performance.
ChatGPT maintains stable results across prompt variations and
shows the most remarkable results when there are persona-driven
prompts. Gemini performs well in zero-shot but degrades with
added context. PLMs underperform, highlighting the need for
better domain adaptation. Overall, this study provides practical
insights into model behavior under different prompting con-
ditions, emphasizes the importance of cultural alignment, and
introduces persona-driven prompting as a valuable strategy for
Arabic financial sentiment analysis.

Keywords—Arabic financial news; stock news; financial news;
domain specific; ChatGPT; gemini; large language model; prompt
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I. INTRODUCTION

The world of finance rapidly evolving thanks to technology
like digital payments, online banking, and new ways to check
identity and assess risk. At the same time, artificial intelli-
gence (AI) makes understanding financial data easier. Machine
learning (ML), and especially Natural Language Processing
(NLP), now plays a significant role in analyzing stock markets
[1], predicting trends [2], and spotting early signs of financial
trouble [3]. One key task in this field is sentiment analysis,
which looks at how people feel based on text found in
places like financial news [4] [5], social media posts [6], or
official company updates. These signals help investors make
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informed investment decisions and reduce risk by helping them
understand how news might affect stock prices [7],[8].

In the past, researchers used simple machine learning tools
and small datasets to study sentiment. Nevertheless, now, more
powerful tools such as Pre-trained Language Models (PLMs)
and Large Language Models (LLMs) make it possible to
handle complicated language and context much better [9],[10].
For example, FinBERT was explicitly designed to understand
English financial text and performs well on tasks that require
understanding of market tone [11]. Some general-purpose
models such as ChatGPT and Gemini have also been tested in
different financial settings and languages, especially English,
demonstrating competitive performance with proper input [12],
[13].

However, despite these advances in English financial NLP,
comparable empirical evidence for Arabic financial sentiment
analysis remains limited—particularly in stock market news.
Arabic models such as AraBERT [14] and CAMeLBERT [15]
were mostly tested on general texts or social media posts, like
telecom reviews [16] or tweets [17],[18]. These models face
challenges due to Arabic’s complex grammar, various dialects,
and a lack of labeled data [19].

Our work helps fill that gap. It compares how well Chat-
GPT and Gemini (two powerful LLMs) perform against Nuha
(an Arabic local LLM) and traditional PLMs like AraBERT
and CAMeLBERT. The evaluation uses over 10,000 headlines
from Argaam, a trusted Saudi stock market news source
spanning multiple sectors. This research seeks to identify the
sentiment of each news headline, leading to improved decision-
making in the financial market. What makes it unique is not
just the comparison of models but also two new ideas it
tests. First, it looks at how zero-shot, one-shot, and three-
shot prompting styles affect LLM model accuracy—a topic
not widely explored in Arabic NLP. Second, it tries persona-
based prompting by asking the LLM models to act like real-
life users, such as financial analysts or traders, to see if that
improves their answers. So far, to the best of our knowledge,
this is one of the first studies to compare the performance of
Arabic PLMs with modern LLMs on actual Arabic financial
texts.

In view of the limited empirical evidence on Arabic finan-
cial sentiment analysis using modern language models, and
the increasing relevance of prompt formulation and contextual
framing, this study aims to systematically investigate how
model architecture and prompting strategies affect sentiment
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classification performance in Saudi financial news. Accord-
ingly, the following research questions are formulated:

e  RQI: How do instruction-tuned large language models
compare with Arabic pretrained language models in
classifying sentiment in Saudi financial news head-
lines?

e RQ2: How do different prompting strategies (zero-
shot, one-shot, and few-shot) influence sentiment clas-
sification performance across large language models?

e RQ3: Does persona-driven prompting enhance the
accuracy and robustness of sentiment classification in
Arabic financial news analysis?

The rest of the study is as follows. Section II, is the
conceptual and theoretical IV reports the results. Section V
discusses the findings. Section VI will be the conclusion.

II. CONCEPTUAL AND THEORETICAL FRAMEWORK

This study is grounded in several interconnected theoretical
foundations from natural language processing and machine
learning that collectively shape the understanding of Ara-
bic financial sentiment analysis. These foundations provide
the conceptual perspective through which model behavior is
interpreted and experimental methodologies are theoretically
supported.

In-context learning, introduced by [20], refers to the ca-
pability of large language models to acquire task-specific
behaviors directly from examples embedded within prompts,
without requiring parameter updates or gradient-based opti-
mization. This paradigm departs from conventional supervised
learning, which depends on extensive fine-tuning using labeled
datasets. Authors in [21] demonstrated that the effectiveness
of in-context learning depends not merely on the presence
of examples, but on their quality, relevance, and structural
alignment with inference instances, indicating that models
infer latent task structures rather than memorize input-output
mappings. Authors in [22] further expanded this understanding
through chain-of-thought prompting, showing that explicitly
structured reasoning steps facilitate complex multi-stage infer-
ence. However, [23] reported substantial variability in few-shot
performance across different model architectures and training
objectives.

Transfer learning principles, formalized by [24] , posit
that knowledge acquired during large-scale pre-training can be
transferred to specialized downstream tasks, with effectiveness
governed by domain proximity between source and target
domains. Authors in [25] operationalized this concept through
Universal Language Model Fine-tuning, demonstrating that
sequential adaptation from general to domain-specific corpora
outperforms task-specific training from scratch. Authors in [26]
further showed that continued pre-training on domain-specific
data yields significant performance gains when target domains
exhibit specialized vocabulary and discourse patterns. In Ara-
bic financial sentiment analysis, domain adaptation spans both
linguistic dimensions—Modern Standard Arabic augmented
with financial terminology—and topical dimensions associated
with economic and market-related discourse. Comparisons
between multilingual models (ChatGPT, Gemini), Arabic-
local models (Nuha), and Arabic-specific pretrained models
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(AraBERT, CAMeLBERT) enable examination of whether
linguistic and topical alignment corresponds with classification
performance.

A fundamental distinction in contemporary language mod-
els exists between architectures trained solely on language
modeling objectives and those subjected to instruction-tuning,
which involves explicit optimization for following natural
language instructions. Authors in [27] demonstrated through
InstructGPT that fine-tuning models on diverse instruction-
following tasks using reinforcement learning from human feed-
back substantially improves zero-shot generalization and task
alignment. This approach is grounded in meta-learning prin-
ciples, whereby exposure to large collections of instruction-
formatted tasks enables models to infer task intent and adapt
behavior accordingly [28],[29]. Authors in [30] further es-
tablished that instruction-tuning yields cumulative benefits,
improving both zero-shot and few-shot performance. This dis-
tinction differentiates instruction-tuned large language models
from pretrained language models that rely primarily on masked
language modeling objectives.

Prompt engineering has emerged as a central factor in-
fluencing large language model effectiveness, with systematic
variations in input formulation producing substantial perfor-
mance differences. Authors in [31] showed that minor changes
in wording, phrasing, or structural organization can lead
to notable accuracy fluctuations. Authors in [32] identified
prompt sensitivity as a fundamental challenge, demonstrating
that models may exhibit unstable performance across semanti-
cally equivalent but syntactically different prompts. Authors in
[33] further documented extreme sensitivity to demonstration
ordering in few-shot settings, showing that permuting identical
examples can significantly affect outcomes.

Recent studies indicate that large language models can
simulate distinct perspectives when explicitly assigned roles,
with persona-based prompting influencing reasoning processes
and task performance. Authors in [34] demonstrated that
multi-persona approaches enhance complex problem-solving
by activating different knowledge distributions within learned
representations. Authors in [35] provided theoretical ground-
ing, arguing that role-based prompting leverages models’ ex-
posure during pre-training to diverse professional registers
and domain-specific discourse patterns. Authors in [36] fur-
ther showed that persona prompts systematically shift model
behavior and can improve performance when role framing
aligns with domain expertise. In financial discourse, role-based
prompting offers a structured means of contextualization, re-
flecting the differing analytical priorities of analysts, traders,
and financial advisors.

Financial sentiment analysis represents a specialized do-
main characterized by distinctive linguistic properties and a
strong dependence on numerical and temporal context. Authors
in [37] demonstrated that general-purpose sentiment lexicons
systematically misclassify financial texts because commonly
used words often carry domain-specific meanings. Authors in
[11] operationalized this insight through FinBERT, achieving
state-of-the-art results by modeling finance-specific semantic
patterns. Authors in [38] further established that financial
sentiment is frequently expressed implicitly through factual
reporting rather than overt opinion markers, requiring models
to integrate numerical reasoning with linguistic interpretation.
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In Arabic financial discourse, these challenges are compounded
by language-specific factors, including morphological richness,
formal registers, and culturally grounded indirect communi-
cation styles, which introduce additional layers of semantic
complexity.

Multilingual language models aim to learn shared rep-
resentations across languages, enabling cross-lingual transfer
from high-resource to low-resource contexts. Authors in [39]
demonstrated this capability through XLM-RoBERTa, achiev-
ing competitive multilingual performance despite substantial
imbalance in training data. Authors in [40] found that multilin-
gual models acquire language-agnostic syntactic and semantic
abstractions. However, [41] reported that cross-lingual transfer
degrades for morphologically rich languages such as Arabic,
particularly in tasks requiring cultural grounding or domain-
specific reasoning. Authors in [42] further showed that mul-
tilingual models can support few-shot cross-lingual transfer,
though effectiveness depends on linguistic typology and rep-
resentational quality. These findings highlight the complexities
of multilingual modeling in specialized financial domains.

Based on the theoretical foundations outlined above, this
study proposes the following hypotheses to guide the empirical
investigation:

e HIl: Instruction-tuned large language models will
outperform Arabic pretrained language models in
zero-shot Arabic financial sentiment classification, at-
tributable to their enhanced instruction-following ca-
pabilities and higher-level contextual abstraction.

e H2: The impact of prompting strategies will be
model-dependent, such that few-shot prompting will
benefit models exhibiting strong in-context learning
alignment, whereas models optimized primarily for
abstraction-based generalization may experience per-
formance degradation when exposed to demonstration-
based prompts.

e  H3: Persona-driven prompting will improve sentiment
classification performance by introducing role-specific
contextual framing that aligns model reasoning with
domain-relevant financial decision perspectives.

III. METHODOLOGY

This section describes the different experiments used to
evaluate the performance of large language models (LLMs)
and pretrained language models (PLMs) in Arabic financial
sentiment classification as it shown in Fig. 1. We start by
defining the datasets and their sources. Then, we define each
LLM and PLM model used in this study. Afterward, we in-
troduce the different experiments. Finally, we set and describe
the evaluation metrics.

A. Dataset

The dataset utilized in our work consisted of 10,166 Saudi
stock market news headlines collected from Argaam [43], a
leading financial economic website in the region. Argaam is
owned by the Saudi Research and Media Group, a publicly
listed company on the Saudi Stock Market. The headlines
covered the period from January 1, 2021, to January 1, 2024,
and covered 233 listed companies from 11 different sectors
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in the Saudi market. This comprehensive dataset offered a
diverse representation of sentiments and writing styles, with
the concise and focused nature of the headlines presenting both
a valuable and challenging source for sentiment analysis due
to their often implicit emotional small difference.

Each headline was assigned one of three sentiment labels:
positive, negative, or neutral. The annotation process followed
a hybrid approach, where ChatGPT, Gemini, and Nuha gener-
ated the initial labels, followed by manual validation by experts
to determine the final reference labels.

B. Models

ChatGPT is a state-of-the-art large language model devel-
oped by OpenAl, built on the GPT (Generative Pretrained
Transformer) architecture. It has been fine-tuned using re-
inforcement learning from human feedback (RLHF), which
enhances its ability to generate contextually appropriate and
coherent responses. Due to its extensive training on diverse and
large-scale datasets, ChatGPT exhibits strong generalization
capabilities, making it well-suited for tasks such as sentiment
analysis, especially in domains like financial news where
contextual nuance and linguistic variability are critical. In this
study, we used GPT via APIs with a temperature of 0.1.

Gemini is Google DeepMind’s advanced large language
model, designed to compete at the frontier of generative Al.
Leveraging cutting-edge transformer architectures and trained
on multilingual, multi-modal datasets, Gemini aims to deliver
high performance across a range of tasks, including natural lan-
guage understanding and generation. Its multilingual capabili-
ties and powerful reasoning abilities make it a promising can-
didate for complex applications such as sentiment classification
in finance, particularly when dealing with rich, structured data
inputs. For the purpose of this study, all safety settings were
disabled to ensure that the model’s raw interpretive capacity
could be evaluated without filtering or moderation constraints.

Nuha, previously referred to as Juhaina, is a bilingual
Arabic-English Large Language Model developed by Elm
Company with the explicit goal of cultural and linguistic
alignment with Arabic-speaking users. Nuha supports a wide
range of tasks including instruction-following, open-domain
question answering, and sentiment classification. It is post-
trained using supervised fine-tuning (SFT) and human pref-
erence alignment methods to improve its generation quality
and adherence to Arabic cultural norms. In our work, Nuha
is evaluated alongside other LLMs to assess its performance
on Arabic financial sentiment analysis, contributing to the
exploration of locally aligned generative Al solutions.
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CAMEIBERT is a family of Arabic pretrained language
models introduced by the CAMeL Lab at New York University
Abu Dhabi. The model variants are trained on extensive
corpora representing Modern Standard Arabic (MSA), Dialec-
tal Arabic (DA), Classical Arabic (CA), and a mixture of
these variants. CAMeLBERT adopts the BERT architecture
with standardized pretraining procedures, leveraging over 167
GB of high-quality Arabic text. Through systematic experi-
mentation, the developers demonstrated that language variant
proximity—rather than data volume—is the most significant
factor influencing downstream task performance. In this study,
CAMEeLBERT is used as an Arabic PLM, offering valuable
insight into how diverse pretraining data affects sentiment
analysis outcomes. Therefore, the ‘bert-base-arabic-camelbert-
mix-sentiment” model was employed without additional fine-
tuning.

AraBERT is a monolingual Arabic language model based
on the BERT-base architecture, developed by researchers at the
American University of Beirut. It consists of 12 transformer
layers and approximately 110 million parameters. AraBERT
was trained using the Masked Language Modeling (MLM)
and Next Sentence Prediction (NSP) objectives on a large
Arabic corpus comprising 70 million sentences, collected from
Arabic Wikipedia, the 1.5B words El-Khair corpus, and the
OSIAN news corpus. AraBERT has shown state-of-the-art
results across various Arabic NLP tasks such as sentiment
analysis, named entity recognition, and question answering. In
our study, AraBERT serves as an Arabic Pretrained Language
Model (PLM) for sentiment classification. Accordingly, the
’ AraBert-Arabic-Sentiment-Analysis’ model was utilized in its
pretrained configuration, without fine-tuning.

C. Experiments

We conducted a series of experiments using multi-
ple prompting strategies across general-purpose and Arabic-
specific language models on Arabic financial sentiment data.
This section defines each experiment, and the prompt used for
it.

1) Experiment 1: Comparative analysis of sentiment analy-
sis models: The first experiment compared five sentiment anal-
ysis models—AraBERT, CAMeLBERT, ChatGPT, Gemini,
and Nuha—on their ability to classify Arabic financial news
into three sentiment categories: positive, negative, and neutral.
Each model was applied to the same dataset of headlines,
ensuring a consistent baseline for comparison as shown in
Table I (Expl). AraBERT and CAMeLBERT were leveraging
their pre-training on Arabic text. ChatGPT, Gemini and Nuha,
as generative language models, were evaluated in zero-shot
settings. This experiment aimed to provide insights into the
models’ performance across a standard sentiment classification
task.

2) Experiment 2: Zero-shot, one-shot, and few-shot prompt
strategies: The second experiment focused on comparing the
performance of ChatGPT, Gemini, and Nuha under differ-
ent prompting approaches: zero-shot, one-shot, and few-shot
strategies. In this setup, the models were tasked with sentiment
classification of Arabic news headlines. Zero-shot prompting
involved no prior examples, one-shot used a single example
within the prompt, and few-shot included three examples of
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TABLE I. PERSONA-DRIVEN PROMPTS

ID Prompt

Expl Respond with only one word (neutral, positive, or negative) based
on the sentiment of the input text.

Pl Act as a financial analyst expert in Saudi stocks. How would you
assess the tone of the news in the following headline in relation to
the stock?

Respond only in one word: positive, negative, or neutral.
Headline: {headline}.

P2 Act as a Saudi stock expert trader. Based on the headline
{headline}, how would you interpret the news regarding its po-
tential impact on the stock?

Respond only in one word: positive, negative, or neutral.

P3 Act as a sentiment analysis model trained on Saudi financial news
headlines. Based on the headline {headline},
Respond only in one word: positive, negative, or neutral.

P4 Act as an expert in Saudi stock trading. Based only on the headline,
will you buy, sell, or hold your stocks the next day?
Respond only in one word: positive, negative, or neutral (positive
= buy, negative = sell, neutral = hold).
Headline: {headline}.

Prompts used to evaluate the effect of different expert personas on sentiment
classification of Saudi stock market news headlines.

each class to guide the models as shown in Table I (Exp2).
This experiment was designed to evaluate how the inclusion
of examples influenced the models’ ability to accurately in-
terpret and classify sentiments, providing deeper insights into
their adaptability and learning capabilities. CAMeLBERT and
AraBERT were not evaluated due to their limited capabilities in
zero/few-shot contexts and absence of instruction-tuned archi-
tectures, but given their baseline performance in Experiment
1, their inclusion would likely have yielded similarly weak
results under complex prompting scenarios.

3) Experiment 3: Persona-driven prompts based on user
roles: The third experiment explored the use of role-specific
personalized prompts to adapt sentiment analysis outputs based
on the perspective of specific professional roles, such as finan-
cial analysts, Saudi traders, and other relevant job profiles. For
this purpose, ChatGPT, Gemini, and Nuha were tested using
tailored prompts designed to align the sentiment classification
process with the priorities and contextual needs of these roles.
Table I (P1-P4) details the prompts used for sentiment classifi-
cation. For example, prompts for financial analysts emphasized
sentiment relevant to market trends and economic impact,
while prompts for Saudi traders focused on actionable insights
and immediate relevance to trading activities. This experiment
aimed to evaluate the potential of personalized prompts in
enhancing the contextual appropriateness and practical utility
of sentiment analysis. For the same reason in the second
experiment, CAMeLBERT and AraBERT were not evaluated.

D. Evaluation Metrics

To evaluate the performance of the five models in sentiment
classification task, we employed a standard suite of metrics.
These encompassed accuracy, precision, recall, F1-score, Co-
hen’s Kappa, and confusion matrices.

Accuracy measures the proportion of correctly classified
instances. However, it can be misleading with imbalanced
datasets.

Precision, Recall, and F1-score were used to address ac-
curacy’s limitations, we used precision (true positives among
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predicted positives), recall (true positives among actual pos-
itives), and their harmonic mean, the Fl-score. These were
calculated per class and using macro- and weighted-averaging
to account for class imbalance.

Cohen’s Kappa measures agreement between predicted and
true labels, correcting for chance agreement. A Kappa of 1
indicates perfect agreement, O indicates chance agreement, and
-1 indicates perfect disagreement. This is particularly useful for
comparing models with different class biases.

The Confusion Matrix provides a tabular visualiza-
tion of classification performance, showing true/false posi-
tives/negatives for each class and aiding in identifying mis-
classifications patterns.

IV. RESULTS

This section presents the findings intended as descriptive
comparisons from three experiments designed to evaluate
the performance of five large language models, ChatGPT,
Gemini, Nuha, CAMeLBERT, and AraBERT, in the sentiment
classification tasks. The models were assessed using standard
performance metrics, accuracy, precision, recall, F1-score, and
Cohen’s Kappa. The following subsections detail the outcomes
of each experiment, highlighting key patterns and comparative
insights.

A. Experiment 1: Comparative Analysis of Sentiment Analysis
Models

The evaluation results presented in the comparative Ta-
ble II offer significant insights into the performance of five
language models: ChatGPT, Gemini, Nuha, CAMeLBERT, and
AraBERT. Among the evaluated models, Nuha achieved the
highest observed performance, with an accuracy of 8§9.09%,
a precision of 0.8958, a recall of 0.8909, and an Fl-score of
0.8914. This suggests Nuha is highly effective in distinguishing
between different sentiment categories while maintaining a
strong balance between precision and recall. Gemini follows
closely, with an accuracy of 88.69% and the highest precision
0.9027, indicating a conservative classification strategy that
prioritizes correctness in positive sentiment predictions. How-
ever, its recall is marginally lower than Nuha. ChatGPT, while
slightly trailing behind Gemini and Nuha, still performs com-
petitively with an accuracy of 86.70%, a precision of 0.8861,
a recall of 0.8670, and an F1-score of 0.8633, demonstrating
a strong generalization capability.

Conversely, CAMeLBERT and AraBERT exhibit signif-
icantly weaker performance, with CAMeLBERT achieving
60.21% accuracy and AraBERT scoring the lowest at 55.14%.
These results indicate their limited ability to accurately classify
Arabic sentiment, likely due to suboptimal domain adaptation.
The confusion matrices further illustrate classification errors
and model biases, shedding light on misclassification tenden-
cies.

Nuha minimizes classification errors, correctly predicting
4,779 positive, 937 neutral, and 3,341 negative instances, with
only misclassified 767 positives, 96 neutral and 246 negatives,
reinforcing its robustness. Gemini, while strong in both preci-
sion and recall, struggles with false negatives, misclassifying
1,000 positive instances, which may indicate a conservative
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TABLE II. EXPERIMENT 1 PERFORMANCE METRICS

Model Accuracy (%)  Precision Recall F1-score
ChatGPT 86.70 0.8861 0.8670 0.8633
Gemini 88.69 0.9027 0.8869 0.8876
Nuha 89.09 0.8958 0.8909 0.8914
CAMeLBERT 60.21 0.7198 0.6012 0.5056
AraBERT 55.14 0.7325 0.5514 0.3989

Performance comparison of large language models and transformer-
based baselines on Experiment 1. The best result in each metric is shown
in bold.

bias in sentiment classification. ChatGPT performs well in
classifying 5,469 positive, 816 neutral and 2,529 negative
sentiments correctly, but exhibits a relatively high number
of false negatives of 1,058 misclassified negative instances,
suggesting a tendency to overestimate negativity in certain
contexts. Fig. 2 shows the confusion matrix for each model.

Pre-trained models, CAMeLBERT and AraBERT exhibited
significant classification confusion, particularly in differentiat-
ing neutral and positive sentiment. CAMeLBERT misclassified
956 neutral instances as positive, while AraBERT exhibits a
strong bias toward predicting positive sentiment, incorrectly
classifying 1,031 neutral instances as positive and 3,525 neg-
ative instances as positive. This suggests that AraBERT strug-
gles to differentiate between neutral and positive sentiment
polarities, a significant limitation for applications requiring
precise sentiment analysis. Additionally, CAMeLBERT’s high
misclassification rate for negative sentiment where 576 in-
stances are incorrectly labeled as positive, suggests it lacks
strong contextual understanding of negative sentiment indica-
tors.

From the confusion matrices, two key patterns emerge.
First, bias toward positive sentiment is apparent in AraBERT
and CAMeLBERT, with a disproportionate number of neutral
and negative instances classified as positive. This suggests
these models fail to capture sentiment variations, particularly
in distinguishing neutral language from positive sentiment.
Second, ChatGPT and Gemini exhibit higher false negative
rates, where positive instances are sometimes misclassified as
negative. While this could indicate a conservative classification
strategy aimed at reducing false positives, it may lead to missed
positive sentiment detections, which is crucial in sentiment-
sensitive applications like our situation financial news.

To further assess inter-rater reliability and classification
agreement, Cohen’s Kappa coefficient was calculated for each
model as it shows in Fig. 3. Cohen’s Kappa is a more robust
measure than accuracy as it accounts for chance agreement.
The results reveal a clear distinction in model reliability. Nuha
achieved 0.8107 and Gemini 0.8064 exhibited the highest
agreement with ground truth, reinforcing their strong consis-
tency in classification. ChatGPT with score 0.7537 follows
closely, indicating good agreement but slightly more variance
in predictions compared to Nuha and Gemini. CAMeLBERT
achieved 0.1526 demonstrates poor agreement, aligning with
its high misclassification rates seen in the confusion matrices.
AraBERT with score 0.0159 exhibits an almost random agree-
ment level, confirming its severe misclassification issues and
bias toward predicting positive sentiment.
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10 Cohen’s Kappa
’ TABLE III. EXPERIMENT 2 PERFORMANCE METRICS
0.8064 0.8107
0.8 0.7537
Model Strategy Accuracy (%) Precision Recall F1-score
06 Zero 86.70 08861 08670  0.8633
0 ChatGPT  One 87.40 0.8868 0.8740 0.8707
' Three 83.43 0.8599 0.8343 0.8254
02 0.1526 Zero 88.69 0.9027 0.8869  0.8876
0.0159 Gemini One 58.34 0.5671 0.5834 0.5632
00 "CHalGPT  Gemini  Nuha CAMeLBERT AraBERT Three 56.36 05439 05636  0.5256
Fig. 3. Experiment 1 Cohen’s kappa. Zero 89.09 0.8958 0.8909 0.8914
Nuha One 91.97 0.9200 0.9197 0.9197
Three 92.45 0.9247 0.9245 0.9245

Overall, Nuha proves to be the most reliable model, ex-
celling across all key performance metrics while maintain-
ing low error rates across sentiment categories. Gemini and
ChatGPT remain strong alternatives, with Gemini excelling
in precision and ChatGPT offering a balanced classification
approach. CAMeLBERT and AraBERT, however, require sig-
nificant improvements, particularly in distinguishing between
neutral and positive sentiment, as well as in reducing their
overall misclassification rates. These findings reinforce the
importance of careful model selection in sentiment analysis
tasks, particularly in fields where classification precision di-
rectly impacts decision-making processes.

B. Experiment 2: Zero-Shot,
Prompt Strategies

One-Shot, and Three-Shot

The second experiment evaluates the impact of prompt-
ing strategy—specifically Zero-Shot, One-Shot, and Three-

Performance comparison of different prompting strategies (zero-, one-, and three-
shot) across the evaluated models in Experiment 2. The best result for each model
is shown in bold.

Shots—on the performance of three large language models:
ChatGPT, Gemini, and Nuha. Table III summarized the per-
formance metrics for this experiment.

Nuha emerged as the most consistently performant model
across all prompt configurations. It achieved an accuracy of
89.09% in the zero-shot, improving to 91.97% in one-shot
and further to 92.45% in the three-shot. Precision, recall, and
F1-score followed the same ascending pattern. Cohen’s Kappa
values for Nuha also reflect strong inter-rater agreement, in-
creasing steadily from 0.8107 to 0.8674. The confusion matri-
ces [Fig. 4(c)] confirm this consistency, with Nuha classifying
the majority of positive and negative instances correctly while
maintaining balanced performance across all sentiment classes.

www.ijacsa.thesai.org

1025 |Page



(IJACSA) International Journal of Advanced Computer Science and Applications,

These consistent improvements suggest that Nuha benefits
significantly from in-context learning, effectively incorporat-
ing example-driven prompts to enhance classification quality
without suffering from overfitting or degradation.

ChatGPT demonstrated relatively stable performance
across all prompting strategies, with minor fluctuations. Its
zero-shot accuracy was 86.70%, marginally improving to
87.40% in one-shot, but decreasing to 83.43% in three-shots.
Precision and recall peaked in the one-shot setting at 0.8868
and 0.8740, respectively, before declining in three-shots 0.8599
and 0.8343. The Fl-score mirrored this trend, with values
of 0.8633, 0.8707, and 0.8254. This slight decline in the
three-shot setting suggests ChatGPT may struggle to integrate
larger contextual prompts effectively. The Cohen’s Kappa
values of 0.7537, 0.7700, and 0.6931, respectively, support this
interpretation, indicating strong agreement in zero- and one-
shot, but reduced reliability when exposed to extended prompt
length. The confusion matrices [Fig. 4(a)] further illustrate
this trend that ChatGPT performs best with minimal context
(zero- or one-shot), but misclassifies more negative instances
as positive in three-shot, suggesting some semantic drift or
context overload. Nevertheless, its relatively high and balanced
scores across all metrics indicate that ChatGPT maintains
a robust baseline performance and is generally resilient to
prompt variation.

In contrast, Gemini exhibits a sharp and unexpected decline
in performance when shifting from zero-shot to few-shot
strategies. It achieves 88.69% accuracy, 0.8869 recall, and
an Fl-score of 0.8876 in zero-shot, performing comparably
to Nuha and exceeding ChatGPT. However, in one-shot and
three-shots, Gemini’s accuracy drops to 58.34% and 56.36%,
recall to 0.5834 and 0.5636, and Fl-score to 0.5632 and
0.5256, respectively. The Cohen Kappa values also plummet
0.2185 and 0.1616, showing low agreement and near-random
performance in those settings (Fig. 5). This pattern indicates
that Gemini is highly sensitive to few-shot prompting, possibly
due to inefficient handling of in-context learning examples
or overfitting to provide demonstrations. the conclusion that
Gemini excels in generalization without explicit examples, but
fails to adapt when such examples are introduced.

The overall findings underscore three key insights. First,
in-context prompting improves model performance only when
the model architecture and training support such adaptation, as
evidenced by Nuha’s consistent gains. Second, not all models
benefit from increasing the number of examples, with Gem-
ini’s performance declining sharply under few-shot conditions,
suggesting possible overfitting or distraction effects. Third,
ChatGPT offers balanced generalization, performing reliably
across varying prompt styles but showing diminishing returns
in more complex three-shot contexts.

In conclusion, the experiment highlights the non-linear and
model-specific effects of prompting strategies. While Nuha
leverages contextual prompts to enhance performance, and
ChatGPT maintains stability, Gemini’s decline under few-shot
settings suggests structural or representational limitations that
hinder its ability to utilize prompt examples. These findings
emphasize the importance of understanding model behavior
in relation to task design and prompt structure for optimal
deployment of language models in sentiment analysis.
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TABLE IV. EXPERIMENT 3 PERFORMANCE METRICS

Model Persona Accuracy (%) Precision Recall F1-score
Pl 91.64 0.9208 0.9164 0.9166
ChatGPT P2 89.41 0.9042 0.8941 0.8943
P3 92.84 0.9287 0.9284 0.9282
P4 90.66 0.9091 0.9066 0.9068
Pl 87.13 0.8940 0.8713 0.8719
.. P2 85.92 0.8871 0.8592 0.8600
Gemini
P3 87.13 0.8981 0.8713 0.8718
P4 87.18 0.8730 0.8718 0.8721
Pl 87.66 0.8925 0.8766 0.8771
P2 85.72 0.8822 0.8572 0.8579
Nuha
P3 85.58 0.8776 0.8558 0.8564
P4 86.68 0.8681 0.8668 0.8671

Performance comparison of the four persona-driven prompting strategies across
the evaluated models in Experiment 3. The best result for each model is shown
in bold.

C. Experiment 3: Persona-Driven Prompts Based on User
Roles

The third experiment explores the influence of persona-
driven prompt variation (P1-P4) on the performance of three
large language models (ChatGPT, Gemini, and Nuha) in sen-
timent analysis. Each persona represents a distinct style of
prompting designed to assess how prompt framing affects clas-
sification quality, financial analyst, Saudi stock expert trader,
sentiment analysis, and expert in Saudi stock recommenda-
tions, respectively. The models were evaluated using accuracy,
precision, recall, Fl-score, Cohen’s Kappa, and supported
by detailed confusion matrix analysis to assess class-specific
behavior as is shown in Table IV, Fig. 6, and Fig. 7.

ChatGPT demonstrated the highest and most consistent
performance across the four evaluated prompts. Its best perfor-
mance was under P3 (sentiment analysis), where it achieved
92.84% accuracy, 0.9287 precision, 0.9284 recall, and 0.9282
Fl-score, with a Cohen’s Kappa of 0.8732. The confusion
matrix for P3 reveals that ChatGPT correctly classified 5,271
positive, 971 neutral and 3,196 negative instances. Errors were
mainly concentrated in misclassifying negative as positive in
385 cases, which is expected in closely aligned sentiment
boundaries. Even under its lowest-performing persona, P2
(Saudi stock expert trader), ChatGPT retained 89.41% accu-
racy, and a solid balance of 0.9042 precision, 0.8941 recall,
and 0.8943 Fl-score. The P2 confusion matrix shows stronger
neutral classification with 987 correct cases but slightly more
misclassification of positive and negative examples compared
to P3 [Fig. 6(a)]. Under P1 (Financial analyst) and P4 (ex-
pert in Saudi stock recommendations), ChatGPT continued to
perform robustly, with Cohen’s Kappa values of 0.8554 and
0.8380, respectively, and confusion matrices indicating high
true positives and effective neutral distinction. These results
collectively indicate that ChatGPT is highly responsive to
persona framing, with P3 offering the best contextual synergy.

Gemini, while not reaching ChatGPT’s peaks, showed
strong and consistent performance across personas, with accu-
racy values ranging from 85.92% to 87.18%. Its most effective
performance appeared in P1 (financial analyst) and P3 (senti-
ment analysis) both with approximately 87.13% accuracy, with
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Fig. 5. Experiment 2 Cohen’s kappa.

Fl-scores of 0.8719 and 0.8718, and Cohen’s Kappa values
of 0.7824 and 0.7830, respectively. The confusion matrix for
P1 indicates solid classification of negative sentiment with

0.7625 Kappa, indicating sensitivity to specific persona struc-
ture. Despite this, Gemini’s stability across personas reflects
a moderate adaptability, suitable for prompt settings that are
consistent and well-defined.

Nuha exhibited the greatest variance across personas, with
accuracy ranging from 85.58% with P3 (sentiment analysis)
to 87.66% with P1 (financial analyst). Precision, recall, and
F1-score followed similar fluctuations. The best performance
under P1 produced 0.8925 precision, 0.8766 recall, and 0.8771

www.ijacsa.thesai.org

1027 |Page



Confusion Matrix for Model ChatGPT P1

(IJACSA) International Journal of Advanced Computer Science and Applications,

Confusion Matrix for Model ChatGPT P2

Vol. 17, No. 9, 2026

Confusion Matrix for Model ChatGPT P3
5000

Confusion Matrix for Model ChatGPT P4

B T E B
£ 973 59 1 4000 - 987 44 2 A 5. 971 57 5 5. 976 56 1 4000
3 3 3 3
2 4 z 4000 z
o kT 3000 % ko
2, 00 T 2, w0 e 3000
© 2 © > © 2> © 2>
—S=. 125 - =- 186 =B 78 197 —&- 166
ER - 2000 $8 - 2000 g8 g8 -2000
e = [ -2000 =
K4 2 g $
2 12 - 1000 2 1 114 1000 2 6 385 ~1000 2 9 243 1000
<3 <3 <) >
b 3 3 3
-4 = z =z
Nedlral Poswk\ve Negative Nedtral Posi’tive Negative Nedtral Posi‘tive Negative Nedtral Posftive Negative
Predicted Label Predicted Label Predicted Label Predicted Label
(a) ChatGPT
Confusion Matrix for Model Gemini P1 Confusion Matrix for Model Gemini P2 Confusion Matrix for Model Gemini P3 Confusion Matrix for Model Gemini P4
s 4000 s 4000 = 4000 =
5. 964 25 44 5. 956 25 52 5. 1003 17 13 5. 937 83 13 4000
2 B 2 2
3000 _ 008 _ 3000 _
80 S 80 29 3000
32 162 1015 32 135 32 112 1134 32 o5 4828 623
v £ 2000 PR -2000 v3 -2000 03
2 & & 2 & 2 & -2000
= = = =
o @ @ o
2 -1000 2 -1000 2 -1000 2 L
g 17 45 8 19 44 g 13 19 g 45 444 3098 1000
<) ) o S
3 b 3 b
=4 =z =z =z
Nedtral Posi‘tive Negative Neutral Positive Negative Neutral Positive Negative Neutral Positive Negative
Predicted Label Predicted Label Predicted Label Predicted Label
(b) Gemini
Confusion Matrix for Model Nuha P1 Confusion Matrix for Model Nuha P2 Confusion Matrix for Model Nuha P3 Confusion Matrix for Model Nuha P4
T 4000 T 000 T 4000 T
£- 973 55 5 - 970 57 6 5. 972 53 8 - 864 163 6 4000
2 B 2 2
3000 _ 3000 _ 3000 _
89 Lo 89 Lo 3000
32 107 32 78 1216 32. 104 3z n 4835 640
v L2000 03 -2000 g -2000 07
= g g< 2 & -2000
) o 0 v
H 1000 2 -1000 2 -1000 2 !
g 10 108 g 3 92 8 22 124 5 3 471 3113 1000
<) <) <) >
g 3 3 b
=z =z z 2
Nedtral Posi‘tive Negative Nexjtral Posi’tive Negative Nedtral Posi‘tive Negative Nedtral Posftive Negative
Predicted Label Predicted Label Predicted Label Predicted Label
(c) Nuha

Fig. 6. Experiment 3 confusion matrix.

Fl1-score, with a Cohen’s Kappa of 0.7896. Nuha’s P1 con-
fusion matrix shows strong classification of positive 4,470
correct cases, neutral 973 correct cases and negative 3,469
correct cases examples but a notable number of identifiying
969 positives as negative cases. In P3, performance slightly
declined: fewer positive and negative instances were correctly
identified, with an increase in 1,155 false-positives cases and
misclassified neutrals. P2 (Saudi stock expert trader) and P4
(expert in Saudi stock recommendations) followed a similar
trend, with the P4 confusion matrix revealing the highest mis-
classification of neutral instances with 163 neutral examples
classified as positive, which likely impacted overall precision
[Fig. 6(c)]. Cohen’s Kappa (Fig. 7) values for Nuha range from
0.7554 to 0.7896, which confirm its inconsistent agreement,
particularly in neutral sentiment recognition, which may be
influenced by prompt nuances embedded in each persona.

From an error analysis perspective, ChatGPT consistently
showed the lowest number of high-impact errors—especially
in distinguishing positive from negative sentiments—across all
personas. Its three-way balance among neutral, positive, and
negative classes was evident across confusion matrices, with
P3 performing best. Gemini, while reliable in handling positive
and negative sentiment, had greater difficulty distinguishing

o
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Fig. 7. Experiment 3 Cohen’s kappa.

neutral sentiment, particularly under P2 and P4. Nuha strug-
gled most in neutral sentiment detection, frequently confusing
neutral with positive, especially in P4, where 163 neutral
instances were misclassified as positive, lowering precision and
Kappa agreement.

In terms of inter-rater reliability, ChatGPT outperformed
both Gemini and Nuha, with Kappa values ranging from
0.8190 to 0.8732, showing strong and consistent agreement
with ground truth across all personas. Gemini maintained
moderate reliability from 0.7625 to 0.7830, while Nuha’s
reliability was more affected by personas variation between
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0.7554 and 0.7896.

In summary, ChatGPT showed greater adaptability to
persona-driven prompting, with the P3 configuration yielding
the highest observed performance. Gemini remained stable and
moderately effective, while Nuha exhibited a noticeable sensi-
tivity to prompt framing, particularly in handling neutral sen-
timent. These findings suggest that prompt design—especially
persona stylization—can significantly influence model be-
havior, and that ChatGPT is best suited for stock news.
Consequently, persona tuning should be considered a critical
component in applied sentiment analysis pipelines, especially
when deploying large language models in real-world, user-
facing environments, and domain-specific.

V. DISCUSSION

This study investigated the performance of five large lan-
guage models (ChatGPT, Gemini, Nuha, CAMeLBERT, and
AraBERT) across three distinct experimental designs in the
context of sentiment classification for the Saudi stock market
financial news. Each experiment was developed to examine the
models’ capabilities from a different perspective: a direct zero-
shot prompt (Experiment 1), prompt-based contextual learning
using different shots techniques (Experiment 2), and persona-
driven prompts based on user roles (Experiment 3). The
evaluation utilized standard classification metrics—accuracy,
precision, recall, and F1-score—supplemented by confusion
matrix and Cohen’s Kappa to measure inter-rater agreement
beyond chance. Together, these experiments reveal critical
insights into each model’s behavior under varying prompting
conditions.

10 First Experiment Accuracy

86.7% 88.7% 89.1%

o
©

60.2%

o
o

55.1%

Accuracy

o
>

©
[N}

o
=}

ChatGPT Gemini Nuha CamelBERT AraBERT

Fig. 8. Experiment 1 accuracy.

In the first experiment, which tested all five models on a
standard classification task without prompt variation, Nuha,
Gemini, and ChatGPT demonstrated high levels of perfor-
mance as shown in Fig. 8, achieving accuracies of 89.09%,
88.69%, and 86.70%, respectively. These models also scored
highly across precision, recall, and F1-score, suggesting strong
overall balance. CAMeLBERT and AraBERT, in contrast, ex-
hibited markedly lower performance. CAMeLBERT recorded
an accuracy of 60.21%, and AraBERT dropped further to
55.14%, with corresponding F1-scores of 0.5056 and 0.3989.
The significantly lower Kappa values for CAMeLBERT with
0.1526 and AraBERT with 0.0159 indicate poor agreement
with ground truth labels, suggesting that these models lack
the capacity for nuanced sentiment differentiation, particularly
when operating without prompt customization or instruction.
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Fig. 9. Experiment 2 accuracy.

Regarding RQ1, the results demonstrate a pronounced per-
formance gap between instruction-tuned large language models
and Arabic pretrained language models in the task of Saudi
financial sentiment classification. Across all evaluation met-
rics, ChatGPT, Gemini, and Nuha consistently outperformed
AraBERT and CAMeLBERT under zero-shot conditions. This
outcome supports the premise that instruction-tuned models
benefit from exposure to diverse task formulations during
training, enabling them to interpret sentiment analysis as an
instruction-following problem rather than a fixed classifica-
tion task. In contrast, AraBERT and CAMeLBERT—trained
primarily through masked language modeling and dependent
on downstream fine-tuning—showed limited adaptability when
applied directly to financial sentiment classification without
domain-specific retraining. Furthermore, the results indicate
that the formal and implicitly evaluative nature of Saudi
financial headlines, where sentiment is often embedded within
regulatory and factual language, imposes high contextual rea-
soning demands. Such characteristics favor models capable of
instruction-level abstraction over those relying predominantly
on token-level pattern learning.

While in the second experiment, it introduced prompt-
based context through zero-shot, one-shot, and three-shot
prompting strategies. CAMeLBERT and AraBERT were not
evaluated due to their absence of instruction-tuned architec-
tures. Here, Nuha exhibited the most robust and consistent
improvement (Fig. 9), culminating in a three-shot accuracy of
92.45%, and achieving the highest Fl-score with 0.9245 and
0.8674 Kappa among all models. ChatGPT showed moderate
gains in the one-shot condition with 87.40% accuracy but ex-
perienced a decline in the three-shot configuration at 83.43%,
possibly due to increased prompt complexity or context satura-
tion. Gemini, in contrast, experienced substantial degradation
in performance as prompting complexity increased. While its
zero-shot performance remained strong with 88.69% accuracy,
its one-shot and three-shot accuracies fell to 58.34% and
56.36%, respectively, accompanied by significant drops in
precision, recall, and Kappa scores.

With respect to RQ2, the experiments reveal that the
effect of prompting strategies is highly model-dependent.
Nuha consistently benefited from richer contextual input, with
performance improving from zero-shot to one-shot and three-
shot prompting, reflecting effective in-context learning and
stable integration of demonstrations. ChatGPT exhibited mod-
erate sensitivity, achieving optimal performance under one-
shot prompting while showing a slight decline as prompt
complexity increased, suggesting partial context saturation. In
contrast, Gemini displayed a marked and unexpected perfor-
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mance degradation when transitioning from zero-shot to few-
shot prompting. This behavior can be interpreted in terms of
prompt interference, where models optimized for abstraction-
based zero-shot generalization may experience misalignment
when explicit demonstrations are introduced. These findings
indicate that few-shot prompting does not universally enhance
performance and may, in some cases, introduce contextual
noise rather than beneficial guidance.

To complement the quantitative evidence provided by the
confusion matrices, a brief qualitative examination of represen-
tative misclassifications was conducted. For instance, the head-
line “The company records operating losses despite increased
revenues” was annotated as neutral in the ground truth but
classified as negative by Gemini under few-shot prompting.
This misclassification likely reflects the model’s tendency
to prioritize loss-related lexical cues over balanced financial
indicators when demonstrations emphasize adverse outcomes.
In contrast, the headline “Suspension of stock trading until
further notice” was consistently predicted as negative by all
models, despite being labeled as neutral in the dataset due to its
regulatory and procedural nature within the Saudi market con-
text. This observation illustrates how models may overinterpret
regulatory actions as sentiment-bearing events, underscoring
the inherent difficulty of distinguishing procedural disclosures
from evaluative sentiment in financial news reporting.

Experiment 3 focused on the impact of stylistic variation in
the prompt, using four different personas (P1-P4) to simulate
diverse user roles (Fig. 10). The personas where tested against
the LLMs and not PLMs due to their absence of instruction-
tuned architectures. In this setting, ChatGPT demonstrated the
highest adaptability, achieving an average accuracy of 91.14%
across all personas, with peak performance under Persona 3
with 92.84% accuracy, 0.9282 Fl-score, and 0.8732 Kappa.
These results underscore ChatGPT’s ability to generalize well
across expressive prompt styles and reflect its strength in
user-facing applications where language input is highly vari-
able. Gemini maintained relatively stable performance across
personas, with accuracies ranging from 85.92% to 87.18%,
and minimal variation in agreement scores. While it did not
achieve the highest metrics, its consistency suggests a degree
of resilience to stylistic change, although it remained weaker
than ChatGPT in terms of contextual nuance. Nuha, however,
exhibited more volatility. Although it performed strongly under
P1, its performance decreased in other conditions, particularly
when neutral sentiment was present, suggesting a sensitivity
to prompt tone and reduced stylistic generalization.

In response to RQ3, persona-driven prompting was found
to exert a meaningful influence on sentiment classification
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performance, particularly in the case of ChatGPT. Assigning
explicit financial roles—such as analyst or trader—provided
contextual framing that aligned model reasoning with domain-
specific decision perspectives, resulting in higher accuracy
and stronger agreement with ground-truth labels. ChatGPT
demonstrated the highest robustness across persona variations,
suggesting that its instruction-tuning and reinforcement learn-
ing mechanisms support effective adaptation to role-based
contextual cues. Gemini showed moderate improvement but re-
mained sensitive to persona formulation, while Nuha exhibited
greater variability, particularly in neutral sentiment recognition.
Collectively, these results indicate that persona-based prompt-
ing can enhance the practical relevance of financial sentiment
systems; however, its effectiveness depends on the model’s
ability to internalize and operationalize role-specific context.

The following analysis compares the effects of few-shot
and persona-driven prompting on sentiment classification per-
formance, as reported in Table III and IV. As shown in
Table III, increasing the number of in-context examples does
not lead to uniform performance gains across models. Nuha
benefits from few-shot prompting, ChatGPT exhibits only
marginal improvement, while Gemini experiences a notable
decline. By contrast, Table IV indicates that persona-driven
prompting yields more consistent and stable performance
gains for instruction-tuned models, particularly ChatGPT, by
aligning model reasoning with domain-relevant financial roles.
Whereas few-shot prompting primarily affects how models
infer task structure from demonstrations, persona-based fram-
ing appears to shape interpretation through contextual role
expectations. Collectively, these findings suggest that contex-
tual alignment achieved through role-based prompting may be
more effective than increasing demonstration quantity alone
for Arabic financial sentiment analysis, especially for models
optimized for instruction-following behavior.

VI. CONCLUSION

This study presented a systematic empirical evaluation of
Arabic pretrained language models and modern instruction-
tuned large language models for financial sentiment analy-
sis in Arabic news headlines within a Saudi market con-
text. By examining model behavior across three experimen-
tal conditions—zero-shot classification, demonstration-based
prompting, and persona-driven prompting—the study investi-
gated how architectural design, training paradigms, and prompt
formulation shape sentiment classification performance in a
specialized financial domain.

The findings indicate that instruction-tuned large language
models demonstrate greater flexibility and contextual sensi-
tivity than Arabic pretrained language models when applied
without task-specific fine-tuning. At the same time, the results
reveal that the effectiveness of prompting strategies is strongly
model-dependent. While Arabic-aligned models benefited from
the inclusion of contextual demonstrations, certain general-
purpose models achieved stronger performance under simpler
zero-shot configurations and exhibited sensitivity to increased
prompt complexity. These outcomes suggest that model scale
alone does not ensure robustness, and that performance is
critically influenced by the interaction between prompting
strategy and training objectives.
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Persona-driven prompting emerged as a particularly stable
and effective mechanism for contextual alignment in financial
sentiment analysis. Framing the task through role-specific
perspectives—such as financial analysts or traders—enabled
models to better interpret sentiment embedded within factual
and regulatory financial language. This approach offers practi-
cal relevance for real-world financial applications, where sen-
timent interpretation is inherently shaped by decision context
and stakeholder perspective rather than by generic polarity
labels.

In conclusion, this study underscores the importance of
aligning model selection and prompt design with domain-
specific characteristics when deploying language models for
financial text analysis. Rather than promoting a single uni-
versally superior model, the findings emphasize that effective
Arabic financial sentiment analysis depends on the careful
integration of linguistic context, model training paradigms,
and prompt engineering. These insights contribute to ongoing
scholarly discussions concerning the responsible and effective
application of large language models in multilingual and
domain-sensitive financial environments.

VII. LIMITATION AND FUTURE WORKS

This study has several limitations that should be acknowl-
edged, which also highlight directions for future research.
First, the dataset is constructed exclusively from Saudi fi-
nancial news headlines obtained from Argaam, and therefore
reflects the linguistic, regulatory, and institutional context of
the Saudi market. While this specificity enhances contextual
relevance, it restricts the generalizability of the findings to
other Arabic financial environments, such as those in the UAE,
Egypt, or the wider MENA region, where reporting practices
and regulatory discourse may differ. Second, the analysis is
limited to short news headlines, which often condense complex
financial events into brief statements. Longer textual sources—
such as full news articles, corporate reports, and social media
content—may exhibit different sentiment dynamics and dis-
course structures, potentially influencing model performance
and behavior. Third, although this study evaluates predictive
performance, robustness, and prompting sensitivity, it does
not incorporate interpretability techniques or user-centered
validation. Such components are essential for understanding
how financial practitioners interpret, trust, and operationalize
Al-generated sentiment outputs.

Accordingly, future research should extend this work by
constructing cross-market Arabic financial datasets, examining
richer and more heterogeneous textual sources, and integrating
explainability methods alongside human-in-the-loop evalua-
tions. These directions would enable a more comprehensive
assessment of both technical effectiveness and practical us-
ability within real-world financial decision-support systems.
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