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Abstract

Investor sentiment shapes financial markets, yet modeling sentiment in Arabic financial contexts remains challenging
due to linguistic complexity and limited resources. We present an Arabic NLP framework for large-scale financial
sentiment analysis tailored to the Saudi market, integrating official financial news and social media to capture
institutional and public investor sentiment. The framework constructs a large Arabic financial corpus through a
multi-stage pipeline encompassing data collection, cleaning, deduplication, entity linking, and sentiment annotation.
Transformer-based NER combined with a curated company lexicon links textual mentions to canonical company
identifiers, with sentiment labels assigned using a five-class scheme. The resulting dataset of 84K samples supports
company-level sentiment aggregation and analysis of sentiment dynamics relative to stock market behavior on the
Saudi Exchange. Experimental results demonstrate reliable and scalable Arabic financial sentiment analysis.
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1. Introduction

Financial news and investor sentiment shape mar-
ket psychology and influence stock price move-
ments. Prior research demonstrates that sen-
timent extracted from financial texts associates
closely with market behavior, including price fluc-
tuations and volatility [9, 2]. In Saudi Arabia,
where information disseminates rapidly across tra-
ditional and digital platforms, quantifying financial
content tone provides valuable analytical insights
consistent with the sentiment framework of Bar-
beris, Shleifer, and Vishny [9], which shows that
market prices may deviate from fundamental val-
ues due to sentiment-driven trading. Despite grow-
ing interest, most Arabic financial sentiment stud-
ies rely on traditional machine learning with exten-
sive feature engineering [2], often failing to capture
long-range context and nuanced sentiment.

To address these limitations, this study presents
an Arabic NLP framework enabling (i) temporal
analysis through near real-time processing, (ii)
domain-specific sentiment classification tailored to
Arabic financial linguistic patterns, and (iii) anal-
ysis of relationships between sentiment dynam-
ics and equity market behavior on the Saudi Ex-
change. Unlike conventional approaches, the
framework adopts large language models for
contextual reasoning and semantic robustness
[18, 18], processing heterogeneous financial text
through a unified multi-stage pipeline that reduces
noise, mitigates redundancy, and preserves finan-
cial semantics. LLMs perform summarization and
five-class sentiment labeling, while transformer-
based models handle named entity recognition
and entity linking. A multi-model agreement strat-
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egy enhances labeling reliability and mitigates
single-model bias.

Overall, this work contributes a scalable ap-
proach to Arabic financial sentiment analysis
and demonstrates the applicability of LLM-based
pipelines in Arabic NLP research.

2. Related Work

Financial sentiment analysis captures qualitative
signals embedded in financial texts and links them
to market behavior. Early foundational work by
Barberis et al. [9] demonstrated that investor
sentiment can drive deviations of market prices
from fundamental values. Sentiment analysis
techniques have evolved from lexicon-based ap-
proaches to machine learning and deep learn-
ing methods. Domain-specific sentiment lexicons
show effectiveness in capturing polarity in finan-
cial discourse [17], while transformer-based mod-
els have advanced financial sentiment classifica-
tion through contextual representations, as demon-
strated by FInBERT [7]. In Arabic financial con-
texts, the BORSAH corpus [4] highlights integrat-
ing official financial news with social media to cap-
ture investor sentiment dynamics in the Saudi mar-
ket. Compared to BORSAH (Alshahrani et al.,
2018), which focuses on manually annotated Twit-
ter data, our dataset differs primarily in scope
and methodology. While BORSAH relies exclu-
sively on Twitter and three-class manual anno-
tation, our corpus integrates both financial news
and social media sources and employs a scalable
multi-model LLM consensus strategy with a five-
class sentiment taxonomy, enabling broader cov-
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erage and finer-grained sentiment analysis.

Arabic NLP presents unique challenges due to
rich morphology, orthographic variation, and ab-
sence of capitalization. Transformer-based ap-
proaches are well suited for Arabic NER, achieving
robust performance [12]. Arabic language mod-
els such as AraBERT [6] and CAMeLBERT [15]
provide contextual embeddings optimized for Ara-
bic morphology. Large-scale Arabic-centric foun-
dation models have emerged, including Jais [16],
AceGPT [14], and ALLaM [1], applied to financial
text processing tasks. While these models offer
strong abstractive capabilities, concerns regarding
hallucination remain prominent. Evaluation frame-
works such as AraHalluEval provide methods for
assessing hallucination in Arabic language mod-
els [3], and recent surveys examine large language
models as evaluators [11, 13].

Overall, existing literature highlights the impor-
tance of domain-aware preprocessing, robust en-
tity linking, and careful evaluation when applying
NLP techniques to financial sentiment analysis,
particularly in Arabic-speaking markets.

3. System Architecture

This section presents the system architecture for
large-scale Arabic financial text processing, inte-
grating preprocessing, model selection, labeling,
and summarization within a unified pipeline (Fig-
ure 1). The system ingests financial text from of-
ficial news and social media sources related to
the Saudi stock market. Collected data undergoes
Arabic text cleaning (removing noise, unifying let-
ter variants, standardizing punctuation), multi-level
deduplication (exact hashing, TF-IDF cosine sim-
ilarity, semantic filtering), and entity linking com-
bining transformer-based NER with a curated com-
pany lexicon to map entities to standardized identi-
fiers. Texts are dynamically routed by length: short
texts (<100 words) proceed directly to labeling,
while longer documents undergo summarization.

Entity Linking Details Entity linking is im-
plemented using a hybrid approach that com-
bines transformer-based Named Entity Recogni-
tion (NER) with a curated company alias lexicon.
Organization entities are first extracted using the
CAMeLBERT Arabic NER model, which is well-
suited for handling the morphological complexity
and ambiguity of Arabic text. To improve coverage,
a comprehensive alias dictionary is constructed,
mapping each company identifier to multiple name
variants, including common Arabic forms, abbre-
viations, and alternative expressions. In addition,
a domain-specific financial lexicon consisting of
1,584 high-frequency financial terms is used to
support entity detection and filtering. Entity link-
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Figure 1: Proposed system architecture.

ing is performed using fuzzy matching, where ex-
tracted entities are matched against the alias dic-
tionary using a similarity threshold of 0.80. This ap-
proach enables robust normalization of heteroge-
neous company mentions across both formal news
and informal social media content.

Summarization models are selected based on
preserving financial semantics, retaining key enti-
ties, and minimizing hallucination. For labeling, a
multi-model setup enables agreement-based eval-
uation and reduces single-model bias. Labeling
quality is assessed via inter-model agreement (Co-
hen’s Kappa, Jensen—Shannon Divergence, Chi-
Square). Summarization is evaluated using com-
pression ratio, cosine similarity, ROUGE, and hal-
lucination measures. The final output consists
of labeled financial texts and entity-enriched sum-
maries.

4. Dataset

This study constructs a large-scale Arabic finan-
cial corpus capturing institutional financial nar-
ratives and public investor sentiment within the
Saudi market. Data were collected programmat-



ically through official and third-party Application
Programming Interfaces (APIs), enabling scalable
and reproducible access. The dataset integrates
two primary data streams: (1) official financial
news sources representing formal discourse, and
(2) social media platforms capturing informal, high-
volume, real-time investor opinions. All texts were
processed using the unified pipeline and anno-
tated according to a five-class financial sentiment
taxonomy: strongly positive, positive, neutral, neg-
ative, and strongly negative. The dataset com-
prises approximately 84K samples: social me-
dia (74.8%, 62.8K samples) and financial news
(25.2%, 21.2K samples), reflecting real-world sen-
timent dynamics where social media provides high-
volume emotional signals and financial news offers
curated institutional narratives.

4.1. Dataset Characteristics

Text Length Distribution News articles exhibit
significantly longer texts (mean = 268 words, SD
= 145 words) compared to social media posts
(mean = 24 words, SD = 31 words). This sub-
stantial length disparity motivated the conditional
routing strategy where texts exceeding 100 words
undergo summarization before sentiment classifi-
cation, ensuring consistent input length and reduc-
ing computational overhead.

Sentiment Distribution Preliminary analysis re-
veals distinct sentiment patterns across sources.
News content exhibits higher positive sentiment
(42%) compared to social media (28%), while so-
cial media contains more neutral content (52% vs
36%), reflecting different discourse styles. News
sources tend toward institutional optimism and
formal reporting, whereas social media captures
more speculative and reactive investor behavior.

Company Coverage The corpus includes men-
tions of all 261 companies listed on the Saudi Ex-
change (TASI), with coverage concentration vary-
ing by market capitalization. Large-cap companies
such as Saudi Aramco, Al Rajhi Bank, and STC
account for 38% of entity mentions, while mid-cap
and small-cap companies represent the remaining
62%, ensuring broad market representation.

4.2. Dataset Quality Assessment

To address concerns regarding dataset quality
evaluation, we employed a rigorous multi-model
consensus approach. The dataset quality was
validated through: (1) external LLM judging us-
ing GPT-40 on 250 samples as gold standard, (2)
three-model consensus labeling strategy (GPT-4
Turbo, GPT-40 Mini, Gemini 2.5 Flash), and (3)
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comprehensive statistical analysis of inter-model
agreement across the full dataset. This approach
follows established practices in LLM-based an-
notation where model agreement significantly im-
proves label reliability.

Inter-Model Agreement Analysis Statistical
analysis reveals substantial agreement across
labeling models. Cohen’s Kappa values demon-
strate: GPT-4 Turbo vs GPT-40 Mini (x = 0.611),
GPT-4 Turbo vs Gemini 2.5 Flash (x 0.505),
and GPT-40 Mini vs Gemini 2.5 Flash (x = 0.505).
Jensen-Shannon divergence between model
distributions ranges from 0.06 to 0.14, indicating
moderate distributional differences while maintain-
ing directional consistency. Pearson correlations
exceed 0.75 across all model pairs, confirming
strong sentiment direction agreement.

Consensus Validation Results For social me-
dia data (63,939 samples): requiring > 2/3 model
consensus yields 60,845 high-confidence sam-
ples (95.16% of dataset), while complete agree-
ment (3/3) produces 34,271 samples (53.59%).
For news data (21,492 samples): > 2/3 consen-
sus yields 20,646 samples (96.06%), with com-
plete agreement on 13,235 samples (61.58%). To-
tal disagreement across all models was minimal:
3,094 social media samples (4.84%) and 846
news samples (3.94%), indicating robust consen-
sus.

Sentiment Distribution Analysis The
consensus-labeled dataset exhibits varied
distributions across sources, reflecting different
discourse styles. For social media: Neutral
(47.4%), Strongly Positive (26.7%), Positive
(15.1%), Strongly Negative (6.2%), and Negative
(4.6%). For news data: Neutral (36.6%), Strongly
Positive (34.4%), Positive (16.9%), Strongly Neg-
ative (8.1%), and Negative (4.0%). This variation
aligns with empirical observations where social
media captures more reactive sentiment while
news content exhibits institutional optimism bias.

5. Methodology

This section describes the experimental method-
ology adopted for summarization, sentiment label-
ing, and evaluation, including model selection, la-
beling strategies, and validation procedures.

5.1.

ALLaM [1] achieves the highest hybrid score of
0.659 (combining ROUGE-L and cosine similarity)
at zero inference cost, providing favorable balance
between summarization quality and computational

Summarization Models



Overall (Hybrid Score)
ion Evaluation (| i

zzzzz

ooooo

Figure 2: Summarization model evaluation: hal-
lucination robustness and quality metrics (normal-
ized).

efficiency for large-scale Arabic financial summa-
rization [19]. Gemini 2.5 Flash demonstrates mod-
erate quality at low cost (hybrid score 0.11), suit-
able for exploratory scenarios [11]. GPT-4 Mini ex-
hibits high hallucination ratio (0.904) and low hy-
brid score (0.04), limiting applicability in accuracy-
sensitive financial contexts [9]. Gemini Pro incurs
substantially higher inference costs without achiev-
ing comparable quality [19]. Overall, ALLaM offers
strong trade-off between semantic fidelity, halluci-
nation control, and cost efficiency as illustrated in
Figure 2, consistent with studies emphasizing con-
trolled hallucination in generative language mod-
els [13].

5.2. Summarization Quality Comparison

Metric News Social
Compression Ratio 0.59 0.44
Cosine Similarity 0.48 0.29
ROUGE-1/L 0.47/0.47 0.56/0.55
Hallucination Ratio 0.31 0.61

Table 1: Comparison of summarization quality met-
rics between News and Social Media datasets.

The comparative analysis in Table 1 shows clear
differences between News and Social Media sum-
marization. News summaries exhibit higher com-
pression and stronger semantic alignment, while
social media summaries achieve higher ROUGE
scores but also a substantially higher hallucina-
tion ratio, indicating greater variability and mean-
ing drift in informal content.

5.3. Labeling and Classification

This study adopts an automated sentiment label-
ing strategy to classify Arabic financial texts into
five categories: Strongly Positive, Positive, Neu-
tral, Negative, and Strongly Negative. Prior re-
search shows that incorporating sentiment polarity
and intensity improves market behavior modeling
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Figure 3: Hallucination distributions across
datasets: News (left) and Social Media (right).

[5]. Given the dataset scale (84K samples), man-
ual annotation was impractical. To mitigate bias
and enhance reliability, a multi-stage automated la-
beling framework was employed, progressively re-
fining label quality through model comparison and
agreement analysis.

The final labeling strategy relied on multiple
high-capacity language models. Sentiment labels
were assigned independently by each model, and
samples with agreement by at least two out of
three models were retained as high-confidence la-
bels. Statistical analyses confirmed strong direc-
tional consistency among models while highlight-
ing meaningful distributional differences, support-
ing consensus-based labeling rather than single-
classifier reliance. The labeling process was im-
plemented using parallel execution with persistent
storage to prevent data loss and allow incremental
validation, ensuring efficient, fault-tolerant labeling
suitable for large-scale financial sentiment analy-
sis.

5.3.1. Inter-Model Agreement

To assess consistency across systems, we com-
pute pairwise correlations between sentiment pre-
dictions on the News dataset. Figure 4 shows
higher correlations reflect stronger agreement,
while lower correlations suggest model-specific
biases in handling fine-grained sentiment cate-
gories.
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Figure 4: Correlation matrix of sentiment outputs
across evaluated models on the News dataset,
highlighting inter-model agreement patterns.



5.4. LLMs as External Judges
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external LLM-based judging strategy using GPT-
40 to independently annotate 250 samples across
the five sentiment categories. This model was not
involved in the labeling or training process, avoid-
ing data leakage and evaluation bias.
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Gold Standard Validation with Human Annota-
tion To validate the reliability of LLM-generated
gold-standard labels, a subset of 100 samples
was independently annotated by three Arabic-
speaking domain experts with financial analy-
sis backgrounds (mean experience = 7.3 years).
Inter-annotator agreement measured using Fleiss’
Kappa yielded x = 0.78, indicating substantial
agreement among human annotators. Compari-
son between human consensus labels and GPT-
40 Judge predictions achieved an agreement rate
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Figure 5: Multi-Stage Consensus Labeling Frame-
work.

comparable Accuracy (0.568), better preserving
the five-class taxonomy structure.

of 87%, confirming that LLM-based annotation pro- Model Acc. Prec. Rec. F1  Macro-F1
vides a reliable approximation of expert human GPT-40 Mini* 0.496 0.634 0.496 0.556 0.000
judgment for this task. GPT-4 Turbo® 0.496 0.634 0.496 0.556 0.000
Disagreement cases (13%) predominantly in-  G2.5 Flash* 0.496 0.634 0.496 0.556  0.000
volved borderline sentiment expressions where in- GPT-5 0.572 0.602 0.572 0.583 0.829
tensity distinctions were ambiguous even for hu- DS-R1 (R) 0.568 0.571 0.568 0.556 0.739
man experts. Qualitative review indicated that DS-R1 (C) 0.616 0.473 0.616 0.534 0.360

disagreements clustered around Positive/Strongly
Positive boundaries (6%) and Neutral/Negative
boundaries (5%), reflecting inherent subjectivity in
fine-grained sentiment annotation rather than sys-
tematic model bias.

This approach aligns with prior findings show-
ing that model agreement and self-consistency
significantly improve label reliability [18]. Conse-
quently, the resulting gold standard provides a sta-
ble and impartial reference for evaluating model
performance in Arabic financial sentiment classi-
fication.

Figure 5 illustrates the multi-stage consensus la-
beling process adopted in this study.

6. Results and Discussion

6.1.

Models are evaluated using Accuracy and Macro-
F1 for class-balanced robustness. Table 2 re-
veals distinct performance patterns. DeepSeek
R1 (Chat) achieves highest Accuracy (0.616) but
substantially lower Macro-F1 (0.360) due to class
collapse: predicting only three classes (Posi-
tive, Neutral, Negative), omitting Strongly Posi-
tive and Strongly Negative. GPT-5 demonstrates
strongest class-balanced performance with Macro-
F1 (0.829) and Accuracy (0.572). DeepSeek
R1 (Reasoner) follows with Macro-F1 (0.739) and

Benchmark Results

Table 2: Benchmark performance on five-class
Arabic financial sentiment classification. Macro-
F1 is reported for class-balanced comparison. Ab-
breviations: G2.5 Flash = Gemini 2.5 Flash; DS-
R1 (R) = DeepSeek R1 (Reasoner); DS-R1 (C) =
DeepSeek R1 (Chat). *Models used to construct
the gold standard reference set.

6.1.1. Class-wise Performance Analysis

To complement aggregate benchmarking, we con-
duct a detailed class-wise analysis to understand
model behavior across the sentiment spectrum.
Table 3 presents per-class performance metrics for
GPT-5, the best-performing model.

Class Precision Recall F1-Score
Strongly Pos. 0.82 0.75 0.78
Positive 0.71 0.68 0.69
Neutral 0.89 0.92 0.90
Negative 0.74 0.70 0.72
Strongly Neg. 0.85 0.81 0.83
Macro Avg. 0.80 0.77 0.78

Table 3: Per-class Performance Metrics for GPT-5

The results reveal that Neutral achieves the



strongest performance (F1 = 0.90), likely due to its
higher frequency in the dataset and clearer linguis-
tic markers. Positive exhibits the weakest class-
level performance (F1 = 0.69), suggesting confu-
sion with adjacent categories. Error analysis in-
dicates that 64% of Positive misclassifications are
confused with Neutral, while 28% are misclassified
as Strongly Positive, reflecting difficulty in captur-
ing sentiment intensity boundaries.

Strongly Negative and Strongly Positive
demonstrate strong precision (> 0.82) but moder-
ate recall, indicating that models correctly identify
strong sentiment when predicted but miss some
instances. This behavior is consistent with the
linguistic subtlety of Arabic financial discourse,
where strong sentiment is often expressed im-
plicitly through domain-specific terminology rather
than explicit emotional markers.

Class-wise behavior further suggests that dis-
agreement increases in borderline cases, such as
mild positive versus neutral or mild negative versus
neutral. This is especially relevant for Arabic finan-
cial content, where sentiment is frequently implicit,
hedged, or context-dependent. As a result, class-
wise analysis is necessary to identify systematic
weaknesses that may be obscured by overall ac-
curacy or micro-averaged scores.

6.1.2. Cost-Quality

Finally, we analyze the cost—quality trade-off to re-
flect real-world deployment constraints. Model se-
lection for large-scale labeling must account for in-
ference cost in addition to predictive quality, espe-
cially when processing high-volume Arabic finan-
cial news and social content.

The results indicate that higher inference cost
does not necessarily translate into proportional
quality gains, particularly when outputs are unsta-
ble or taxonomy compliance is weak. From a de-
ployment perspective, models can be grouped into
three operational categories: (i) deployment-ready
models that balance Macro-F1, stability, and tax-
onomy compliance, (ii) low-cost exploratory mod-
els suitable for prototyping but requiring stronger
guardrails, and (iii) high-cost inefficient models
where cost outweighs measurable gains in label-
ing quality. Overall, these findings reinforce that
selecting LLMs for Arabic financial sentiment la-
beling should be guided by benchmark perfor-
mance, class-wise robustness, inter-model con-
sistency, and cost efficiency rather than a single
headline metric.

Figure 6 summarizes the cost—quality trade-off
across the evaluated models using Macro-F1 as a
class-balanced performance metric.

Statistical Significance Testing Paired t-tests
confirm performance differences are statistically

19

significant: GPT-5's Macro-F1 (0.829) exceeds
DeepSeek R1 Reasoner (0.739) at p < 0.01 (t =
3.47), and DeepSeek R1 Reasoner outperforms
DeepSeek R1 Chat (0.360) at p < 0.001 (t = 8.92),
confirming class collapse degrades fine-grained
sentiment discrimination.

Cost-Quality Trade-off Across Models (Macro-F1 vs Cost)

GPT-5
)

.Deepseek R1 (Reasoning)

@eepSeek R1 (Chat)

Macro-F1 Score

Note: X markers indicate gold-standard builders
(not benchmarked as competitors).

GPT-4 Tufbo

20 3
Cost per 1M tokens (USD)

Figure 6: Cost—quality trade-off across evaluated
LLMs using Macro-F1 as a class-balanced metric,
with cost computed as input+output token pricing
per 1M tokens (USD).

6.2. Impact of Summarization on

Sentiment Classification

To assess whether summarization preserves
sentiment-relevant information, we compared sen-
timent labels on 500 original news articles against
their ALLaM-generated summaries. Label con-
sistency reached 91.2%, indicating that dominant
sentiment polarity is preserved in most cases.

Disagreements (8.8%) occurred primarily in
mixed-sentiment texts, where summarization em-
phasized one aspect over another. For exam-
ple, an article covering positive earnings along-
side negative regulatory concerns might be sum-
marized around earnings, shifting the label from
Neutral to Positive.

Manual inspection of 50 disagreement cases re-
vealed that 76% involved multi-topic articles where
summarization correctly extracted the primary nar-
rative, while 24% represented genuine informa-
tion loss of secondary sentiment-relevant details.
This validates the pipeline’s design of summarizing
texts exceeding 100 words before classification, as
the compression-sentiment trade-off remains ac-
ceptable for large-scale processing.

6.3. Baseline Comparisons

To contextualize the performance gains achieved
by large language models, we compare GPT-5



against traditional Arabic sentiment analysis ap-
proaches:

Model Accuracy Macro-F1
Lexicon-based (ArSenL) 0.324 0.287
SVM + TF-IDF 0.412 0.351
AraBERT (ft) 0.489 0.524
CAMeLBERT (ft) 0.502 0.547
GPT-5 (zero-shot) 0.572 0.829

Table 4: Baseline Model Comparison. Ft means
fine-tuned.

The lexicon-based approach using ArSenL [8]
performs poorly (Macro-F1 = 0.287), confirm-
ing that general-purpose Arabic sentiment lex-
icons lack the domain-specific terminology re-
quired for financial texts. Classical machine learn-
ing (SVM with TF-IDF) achieves moderate per-
formance (Macro-F1 = 0.351) but struggles with
implicit sentiment and context-dependent expres-
sions.

Fine-tuned transformer models AraBERT [6]
and CAMeLBERT [15] substantially improve per-
formance (Macro-F1 ~ 0.54), demonstrating the
value of contextual embeddings for Arabic senti-
ment analysis. However, GPT-5 in zero-shot con-
figuration significantly outperforms all fine-tuned
models by 28.2 Macro-F1 points, highlighting the
effectiveness of large-scale pretraining and in-
struction tuning for capturing nuanced financial
sentiment without task-specific adaptation.

Performance Analysis The observed perfor-
mance differences can be attributed to the nature
of Arabic financial language, which often relies on
implicit cues, hedging expressions, and context-
dependent phrasing. Traditional and fine-tuned
transformer models, while effective at capturing
local patterns, may fail to fully interpret such nu-
anced signals without explicit supervision. LLMs,
on the other hand, benefit from broader contex-
tual understanding and instruction tuning, enabling
them to better interpret sentiment in ambiguous
or multi-topic texts. This is particularly relevant
in financial narratives, where sentiment may shift
within a single document or depend on external
market context. Error analysis further indicates
that most misclassifications occur at class bound-
aries, especially between Neutral and Positive,
confirming that sentiment intensity remains the
most challenging aspect of the task.

7. Ethical Considerations and
Limitations

This work presents an Arabic financial sentiment
analysis pipeline applied to news and social me-
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dia data. The data used in this study is collected
from publicly available sources, and the system op-
erates exclusively on textual content without mod-
eling or tracking individual users.

All analysis is conducted at the text level, focus-
ing on aggregate sentiment patterns rather than
user-level behavior. The system does not con-
struct user profiles or perform behavioral tracking,
and is intended for research and market monitor-
ing purposes rather than individual-level inference
or direct investment decision-making.

From a methodological perspective, several limi-
tations remain. Arabic financial language presents
inherent challenges due to dialectal variation, im-
plicit sentiment expression, and the frequent use
of hedging or indirect phrasing. These characteris-
tics increase ambiguity, particularly in fine-grained
sentiment classification tasks.

In addition, reliance on LLM-based annota-
tion introduces potential bias propagation, where
model-specific tendencies may influence labeling
outcomes. Although the use of multi-model con-
sensus and external validation improves robust-
ness, it does not fully eliminate systematic biases.

Furthermore, entity linking and sentiment clas-
sification may still be affected by orthographic
variation, informal language usage, and context-
dependent expressions, especially in social media
content.

Finally, this study focuses on the Saudi market
and a specific time period, which may limit gener-
alizability to other markets or economic conditions.

8. Future Work

Future work will focus on improving robustness
in challenging linguistic scenarios, including di-
alectal Arabic and implicit sentiment detection.
Expanding model coverage to include additional
Arabic-specialized LLMs and enhancing evalua-
tion through larger human-annotated datasets are
also important directions.

Additionally, future research will explore
stronger integration between sentiment signals
and market dynamics, including causal analysis
and real-time predictive applications.

9. Conclusion

This work presents a comprehensive Arabic NLP
framework for large-scale financial sentiment anal-
ysis tailored to the Saudi market. The framework
integrates official financial news and social media
content through a unified multi-stage pipeline en-
compassing data collection, preprocessing, entity
linking, summarization, and sentiment classifica-
tion. We construct a large-scale 84K-sample Ara-
bic Financial Sentiment Corpus annotated using



a five-class sentiment taxonomy. Due to data ac-
cess and licensing constraints, the dataset is not
publicly released, while still providing a valuable
resource for Arabic financial NLP research.

Experimental evaluation demonstrates that LLM-
based approaches substantially outperform tradi-
tional methods. GPT-5 achieves the strongest
class-balanced performance with Macro-F1 of
0.829, significantly exceeding fine-tuned trans-
former baselines (AraBERT: 0.524, CAMelLBERT:
0.547) and lexicon-based approaches (0.287).
Multi-model consensus labeling enhances reliabil-
ity while mitigating single-model bias. For sum-
marization, ALLaM provides optimal trade-off be-
tween quality, hallucination control, and cost effi-
ciency.

The framework enables scalable, near real-time
sentiment monitoring for equity markets, support-
ing temporal analysis and company-level senti-
ment aggregation. Beyond methodological con-
tributions, this work establishes baseline bench-
marks for Arabic financial sentiment classifica-
tion and highlights the effectiveness of LLM-based
pipelines for domain-specific Arabic NLP tasks.
Future work will explore agentic architectures,
domain-specialized pretraining on Arabic finan-
cial corpora, and expansion to broader Arabic-
speaking markets.
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A. Reproducibility

AA1.

All models were configured with deterministic sam-
pling (temperature = 0.0) to ensure reproducibility.

Model Configurations

Classification and Labeling Models

GPT-5: gpt-5.1-turbo-2024-11
(max_tokens = 50, top_p = 1.0)

GPT-4 Turbo: gpt-4-turbo-2024-04-09
(max_tokens = 50)

GPT-40 Mini: gpt-40-mini-2024-07-18
(max_tokens = 50)

DeepSeek R1 (Reasoner):
deepseek-r1-2024-12
reasoning_mode = enabled)

DeepSeek R1 (Chat):
deepseek-rl-chat-2024-12
(max_tokens = 50)

(top_p 0.95,

Gemini 2.5 Flash: gemini-2.5-flash (top_k =

1)
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Summarization Models

ALLaM [1]: allam-13b-instruct-v2
(max_tokens = 150)

GPT-4 Mini: gpt-40-mini-2024-07-18
(max_tokens = 150)

Gemini 2.5 Flash: gemini-2.5-flash
(max_tokens = 150)

Gemini Pro: gemini-pro-1.5 (max_tokens
150)

Entity Recognition and Baseline Models

CAMeLBERT [15]:
bert-base-arabic-camelbert-msa

for NER

AraBERT [6]: aubmindlab/bert-base-arabertv02
(fine-tuned 5 epochs, Ir = 2e-5)

CAMeLBERT (baseline): caMelL-Lab/
bert-base-arabic-camelbert-msa
(fine-tuned 5 epochs, Ir = 2e-5)

Note on Arabic LLMs Jais [16] and AceGPT
[14] were not evaluated due to API availability con-
straints during the evaluation period.

A.2. Production Deployment
Requirements

Beyond benchmark metrics, models must satisfy
the following requirements for production integra-
tion:

1. Taxonomy Compliance: Output exactly five
sentiment classes without category collapse

Structured Output: Return JSON format
with sentiment labels and confidence scores

Reproducibility: Generate identical predic-
tions with deterministic sampling (tempera-
ture = 0)

Latency: Complete inference within 5 min-
utes per 1,000 samples

Cost Efficiency: Maintain inference cost be-
low $0.0012 per sample

A.3. Dataset Availability

The Arabic Financial Sentiment Corpus (AFSC)
comprising 84,431 labeled samples will be re-
leased under Creative Commons Attribution 4.0 In-
ternational License upon acceptance. The dataset



includes preprocessed Arabic text, five-class sen-
timent labels with confidence scores, company en-
tity identifiers, source metadata (news vs. so-
cial media), and temporal information (publication
date). Dataset DOI and download link will be pro-
vided in the camera-ready version.

Dialectal Arabic Challenges Social media con-
tent predominantly features Gulf Arabic dialects
exhibiting morphological and lexical variations not
well-represented in Modern Standard Arabic train-
ing data, contributing to a 4.2% performance gap
between news (MSA-heavy, 58.1%) and social me-
dia (dialect-heavy, 53.9%) classification accuracy.
Future work should incorporate dialectal resources
and code-switching detection.

A.4. Error Analysis

Manual inspection of 100 misclassified samples re-
veals three primary error patterns:

Implicit Sentiment (42% of errors) Texts using
implicit financial jargon without explicit emotional
markers are frequently misclassified as Neutral.
Example: “Ls besuas 42 eV (“the stock is experienc-
ing technical correction”) classified as Neutral when in-
tended sentiment is Negative, as “correction” is a finan-
cial euphemism for price decline.

Dialectal Variation (31% of errors) Gulf Arabic
dialect posts show higher error rates (23% vs 12% for
MSA). Example: “_.iliwe V“““” (“the stock is comfortable”,
meaning performing well) misclassified due to limited di-
alectal coverage.

Sarcasm and Irony (8% of errors) Sarcastic
statements misclassified based on surface polarity. Ex-
ample: “lc =1 5,ls k" (“Excellent, another loss!”) la-
beled Positive, missing sarcastic tone.

Future improvements should address dialectal re-
sources, domain-specific lexicon expansion, and sar-
casm detection for Arabic financial discourse.

A.5. Code Availability

All code will be released as open-source software under
MIT License upon publication, including:

« Data collection scripts (news APIs and social me-
dia platforms)

Arabic text preprocessing and normalization utili-
ties

Entity linking and NER pipeline

* Summarization evaluation framework with halluci-
nation detection

Multi-model consensus labeling implementation

Statistical analysis scripts (Cohen’s
Jensen-Shannon Divergence, Chi-square)

Kappa,

» Baseline model training and evaluation code

GitHub repository URL will be provided in the camera-
ready version.

B. Prompt Design

This section provides the exact prompting templates
used for summarization and sentiment classification.
All prompts follow an instruction-based structure with
fixed output constraints to ensure consistency and re-
producibility across models.

B.1.

The following prompt is used for financial text summa-
rization.

Summarization Prompt

Model Configuration GPT-40 Mini, temperature =
0.1

Prompt Template
[Systen'! Mes§age] .
L 2l V1OV sl 1585 30 st pls
Oleglas BLs| o) Anwgr elro B3le] 1 s 51 Oy
[f’rompt] . )
o) Slagae (gl Bl Opy sl By QU 2l ad
el YISV o L §5 e 5,50 e sae pB)
Sl peadl) B Al el

S Olle ol Gty UE Jald :asddl 1510
(et Fopr e U Y e DLl ole
el oS c;_lc r‘}l\..J\ :Ww) i}l\:j :%i c\.;-/)
(Sag &ujim dnl s iy il 10 Gl
(o e ol ;Eé} aﬂé &) Al cdmy i 3L

B 3 e Sl ol ST ld ¢ e T SHY D
S
Text: {input_text}

Output: : =l

Final Consolidation
[System Message]
SOV el ko 55 wads g o ot pls
RN
[Prompt]
@l Blo) ap el i Vs B QU el al
Bl (-lsjj Sl gles
Text: {partial _summaries}

Output: : 3Ll Lasdll

Example Input Text (580 words):

2026 ole G LW G LI e sa2 +el ]
Ay e 2l i G elasVl G dodl e
CQ‘JLA;Y‘} (db&”} Clru})j Cai.}}x.“” a.:,Jx” ?KL»U f\d;



el of g D) Oy Il c0las 16y i S,
bl T SSAs
ALLaM Output (80 words):
2026 ole 3 e G DL s sud L bl
b LIS S Wy N P St
Osde 651 BN Laidl LS 3306] 3] o eslizeY)
Bl B o Lty Ly e
Analysis: The summary preserves key financial in-
formation (production quotas, 1.65 million barrels, sea-
sonal factors) while achieving 86% compression ratio.

No hallucinated information is introduced, and the origi-
nal tone remains intact.

B.2. Sentiment Classification Prompt

The following prompt is used for five-class Arabic finan-
cial sentiment classification.

Model Configuration DeepSeek Chat, tempera-
ture = 0.0

Prompt Template
[System Message] .
g Al W eladl b 3 e i
B3l LF| Ol sual b ol
[Prompt] )
Sl e b sasly J) QU1 G QU ) (e
:uw%-'\
bl 42 e iseld L) d kil S s
B

o835 QU oW e ol W1 plinl e sle]
(G gl C\.&b\ 608 ;LJ\ G2t (Aaslie C\é ol Lle
ci,b ST U Ll 8ol )y i)y diw (LW Aaelias
(Salf o P i ol e (gl pg
Jslk 25 05

«Jgldl 3 ¢ (Jms fo ot sl (ot glel
Lo (ol 25 pud Bde Sl GRiae Gyw Ale 546
(ﬂ_;)L‘fw\

WJaims ol cLds v Y el it (Ol il
S 3y poe G121y B O3k G
f‘b Al Wi c(..(,;\H bos Ghles c@-\j g_sl*"
(Sl @l Y Pl (pdl bl il
e Lo il slus (Joludl 2l (S @\j
Sl

K.aj ool Jao el Slus (35l L) 7.\» (g
(orSB] a2l Slaile (gl 3 3a8 ks
L_é sl 2l G ade Slus (ld bss Gl @-\j
N

ol

{input_text}
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N Slos 2 ol G Vo) 2 ) ) L e
Sledie ’

Note The keyword lists are provided as soft guidance
and do not enforce rule-based classification.

Example Input Text: JUI Y1 o 3k ool (oY)
@l 8V )l et 2025 e ) als akasil oleladl,

3L bk 2025 wl)l @)l I (ol W31 Sl AT o
) Jeomad G ol 8613 3oL d) e Sl Jos
S dgdl o Gra ool i (52 5615 3 512N Lne BFIN
<552 7759-92000-(966+) 64)\ el by Jasl ey ol 5L2d)
d\: ShLLY 6, Gl C;b Ll eyl Ol C;b ¢6)) olue

Model Output: Positive (glt))

Analysis: Despite significant noise, truncation, and
the presence of non-informative elements (e.g., login
prompts and navigation text), the model correctly iden-
tifies positive sentiment based on key financial indica-
tors such as C\U‘ c£. The model effectively ignores ir-
relevant content and focuses on sentiment-bearing sig-

nals, demonstrating robustness to real-world data arti-
facts commonly found in financial news platforms.
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