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Abstract

Causality extraction is an important task in natural language processing, yet it remains
underexplored in informal Arabic social media text, particularly in dialectal contexts. This
study investigates causal-reason extraction from Saudi Arabic tweets related to sick-leave
requests. A gold-standard dataset was annotated for multiple causality-related tasks,
including cause-presence detection, cause-span extraction, cause-category classification,
causal-marker detection, and causal marker text identification. The study compares two
modeling paradigms: fine-tuned BERT-based models, represented by SaudiBERT and
AraBERT, and prompting-based large language models (LLMs), represented by GPT-4.1-
mini and Gemini-2.5-flash. The descriptive analysis showed strong class imbalance, sub-
stantial implicit causality, and uneven cause-category distributions. Results showed that
SaudiBERT generally outperformed AraBERT when macro-level and minority-class per-
formance were considered. Among LLMs, Gemini-2.5-flash achieved the strongest overall
performance, particularly under natural 10-shot single-tweet prompting, while balanced
few-shot prompting improved macro-F1 for cause-category classification. However, step-
wise prompting did not consistently improve performance and may have introduced error
propagation. Overall, the findings show that causality extraction in informal Saudi Arabic
remains challenging, especially for implicit causal expression. The study highlights the
complementary strengths of dialect-specific transformers and LLM-based prompting for
Arabic causality extraction.

Keywords: Arabic NLP; causality extraction; Saudi Arabic; dialectal social media; large
language models; BERT-based models

1. Introduction

The misuse of sick-leave documents in Saudi Arabic was investigated in an earlier
work [1]. Within the employment context, employees who fail to report to work are gener-
ally required to provide verified proof of illness. Sick-leave certificates are therefore issued
by licensed medical institutions to confirm that an employee is medically unfit for duty
for a specified period. However, it has been observed that some employees and students
obtain these documents in order to secure undeserved leaves. Although governmental
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regulations and legal controls have been established to address absenteeism, fraudulent
sick-leave certificates continue to circulate.

Social media platforms, particularly Twitter, have been identified as key channels
through which fraudulent sick-leave documents are promoted and sold. These seller ac-
counts are typically operated anonymously or under pseudonyms using trending hashtags
along with ones relevant to sick-leaves. Individuals seeking to obtain sick-leave certificates
through Twitter commonly search for and engage with these hashtags. The same hashtags
are also used to express the reasons for seeking such documentation. Some of these stated
reasons appear legitimate, whereas others are clearly expressed in a humorous or non-
serious manner. However, based on observation, it is evident that even humorous state-
ments may still reflect genuine motivations for obtaining a sick-leave document. Although
the authenticity of such claims cannot be verified, they nevertheless provide insight into
perceived or potential reasons for requesting sick-leaves and should therefore be taken
into consideration during analysis. The fact that the tweet includes a hashtag relevant to
sick-leave online selling would automatically align it as relevant. Reasons and causes are
expected to provide insights that can be useful for government officials to design policies
to combat this problem.

Causation is “a textual relationship that relates two situations” [2]. It is a formal
branch of natural language processing (NLP) that focuses on causal relation extraction.
The task in which an event (cause) and another event (effect) are related is detected. The
first event is a consequence of the second. There are many classifications for causality ex-
traction that rely on the structure of the sentence. Ref. [3] introduced some of these classes
including the widely known explicit vs. implicit causality. An explicit causality is one
that has all its elements, including cause, effect, and link. In an implicit causality, one or
more of these elements are missing [2]. A recent notion introduced as a subtype of implicit
causality is “event-conditioned causality”, in which one side of the causal relation (either a
cause or an effect) is assumed to be known in advance, and its counterpart is inferred from
surrounding text or a larger corpus [4].

In this study, event-conditioned causality is applied to identify reasons for obtaining
sick-leaves. The assumption is that some of the tweets that use the sick-leave hashtags
mention the reason for obtaining one. In this case, the effect is known, which is to obtain
a sick-leave. This is true whether the user proceeded with obtaining the document or not.
Methodologies of causality extraction include rule-based, supervised, and transformer-
based. Since rule-based approaches rely on known sentence structures, they were success-
ful in explicit causality extraction. On the other hand, supervised and transformer-based
approaches rely heavily on the existence of handcrafted datasets in order to train the mod-
els. Arabic causality extraction research focuses predominantly on explicit causal relations
in Modern Standard Arabic (MSA) through the use of manually labeled linguistic patterns
identifying connectives such as oY, cawy and 4 A meaning “because”, “because of”, and
“as a result of”. More efforts have been supported by pretrained Arabic language models
and discourse-level corpora such as the Leeds Arabic Discourse Treebank [5]. At the same
time, increasing volumes of Arabic online communication have been produced in dialec-
tal Arabic. A local version of Arabic has distinct characteristics, many of which are not
reflected in MSA-based datasets. In general, few researchers were focused on NLP tasks
pertaining to specific dialects such as Egyptian [6] or Moroccan [7]. Nonetheless, very lim-
ited efforts were focused on causality extraction for the Arabic language and no work was
found to have addressed mono-dialect causality.

Recent progress has been reported to support NLP research based on Saudi Arabian
Dialect (SAD), most notably SaudiBERT [8], through which strong performance has been
demonstrated across dialectal understanding tasks. In parallel, large language models
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(LLMs) such as ChatGPT and Gemini have exhibited reasoning capabilities across lan-
guages and domains, including tasks involving causal inference. Thus far, no system-
atic comparison has been conducted between dialect-specialized pretrained models and
general-purpose LLMs for causal extraction in Saudi dialect. This absence of empirical
comparison has been viewed as especially important, since LLMs are often assumed to
offer annotation-efficient reasoning, while dialect-specific pretrained models are assumed
to provide stronger lexical grounding.

Therefore, the main research question examined is the following: to what extent can
dialect-specific pretrained transformers and general-purpose LLMs successfully perform
this task?

The principal contributions of this work are summarized as follows.

i. Two modeling paradigms are benchmarked quantitatively, including

O  BERT-based neural models fine-tuned for causal classification, namely AraBERT
and SaudiBERT;

O  LLMs (ChatGPT and Gemini) evaluated under prompting-based settings for
causal classification and span and marker text extraction.

ii. A qualitative analysis of LLM span extraction and categorization of errors observed
are performed.

iii.  To the best of our knowledge, this is the first study to provide a comparative analysis
across these paradigms.

iv. A curated dataset of Saudi-dialect causal relations is introduced, consisting of real-
world social media text annotated for cause role, explicit versus implicit realiza-
tion, and event granularity. This is the first available dataset to the best of the
researchers’ knowledge.

This paper is structured as follows. First, a comprehensive literature review is pre-
sented, covering research on causality extraction in general as well as in MSA, and identi-
fying the gaps to which this study contributes. The methodology is then described through
an outline of the two approaches introduced earlier. This is followed by the results and
finally the discussion and conclusion.

2. Related Work

Causality extraction has been treated as a specialized information extraction task
within NLP, with applications ranging from health surveillance on social media to deci-
sion support in business analytics. In the health domain, ref. [9] proposed lexico-syntactic
patterns over dependency parses to extract explicit causal relations from Twitter, focus-
ing on three targets: stress, insomnia, and headache. Using a corpus of 24 million tweets,
their rule-based pipeline was evaluated against human annotations and achieved high pre-
cision (74.59-92.27%). At a broader level, ref. [10] surveyed causality extraction methods
across domains and categorized studies based on the used methodology into knowledge-
based, statistical machine-learning, and deep-learning approaches. They concluded that
most systems are evaluated with standard classification metrics (precision, recall, F1, ac-
curacy) on benchmark corpora such as SemEval-2010 Task 8, Causal-TimeBank, and Do-
cRED. They also discussed that deep neural models generally outperform rule-based and
feature-engineered baselines for explicit, intra-sentential causality, while performance re-
mains substantially weaker for implicit and document-level relations.

Recent advances in causality extraction and understanding have leveraged pretrained
language models and benchmark datasets to capture nuanced causal relationships be-
tween events and questions. CausalBERT [11] explored the capacity of transformer-based
models to identify causal associations when events are expressed in natural language, par-
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ticularly targeting the detection of implicit causal links that classical pattern-based meth-
ods struggle to capture; experiments demonstrated state-of-the-art performance across
three evaluation datasets (e.g., SemEval 2007, SemEval 2010, and ADE). Their work showed
that BERT was able to improve generalization for causality detection tasks. Beyond task
framing and datasets, efforts to embed causal knowledge directly into pretrained mod-
els have been explored in [12]. BERT is enhanced by integrating causal pairs collected
from unstructured text alongside a regularization strategy to preserve existing linguistic
knowledge, across multiple causal pair classifications, causal QA, and causal inference
tasks. This model consistently outperformed baseline pretrained models, suggesting that
explicit incorporation of causal information into model parameters improves performance
on diverse causality-oriented benchmarks. Extending these ideas to enterprise reporting,
ref. [13] introduced the Text2CausalGraph framework, which constructs causal knowledge
graphs from corporate 10-K reports via a transformer-based pipeline. BERT is fine-tuned
to classify sentences as causal or non-causal (macro-F1 ~ 0.88-0.89), SpanBERT and Distil-
BERT are adapted for token-level cause/effect/trigger extraction (macro-F1 up to 0.89), and
a logistic-regression classifier with TF-IDF n-grams is used to map extracted phrases into
a stakeholder taxonomy (macro-F1 = 0.78), all evaluated on a manually annotated gold-
standard dataset with 80/20 train—test splits and cross-validation.

Research on Arabic causality extraction has largely concentrated on explicit, linguis-
tically signaled relations in MSA. Early work such as [2] adopted a rule-based approach
relying on handcrafted lexical and syntactic patterns. Connectives such as - &« oY
meaning “because”, “because of”, and “as a result of” were the main indicator of causality.
The performance was evaluated using standard precision-recall measures. Results demon-
strated high precision (typically above 80%) but lower recall. More recent efforts intro-
duced morphological awareness into causal detection. In [2], causality identification was
enhanced by modeling proclitic forms that attach to Arabic words (e.g., < «d =) and func-
tion as discourse markers. A supervised classification framework was trained using these
morphological cues as features, and experiments reported improved Fl-scores over lexical-
only baselines. However, these studies remain constrained to MSA and explicit causality,
and performance is largely reported on curated datasets rather than user-generated con-
tent. More recently, progress in Arabic dialect modeling has been supported by SaudiB-
ERT [8], a transformer language model pretrained on large-scale Saudi dialect corpora.
SaudiBERT has been shown to outperform MSA-trained models on dialectal downstream
tasks including sentiment and topic classification with consistent accuracy and macro-F1
improvements across benchmarks. Although SaudiBERT was not originally developed
for causality extraction, its demonstrated ability to capture dialect-specific morphology
and usage strongly suggests that dialect-specialized pretrained models hold significant
promise for dialectal causal inference, particularly in Saudi colloquial text such as Twitter,
which forms the basis of the present study.

LLMs have recently been examined for their capacity to perform causal reasoning
tasks without explicit task-specific supervision. Early evidence suggested that instruction-
tuned prompting strategies, particularly chain-of-thought prompting, improve causal in-
ference accuracy over zero-shot baselines on counterfactual and intervention-style multiple-
choice datasets [14]. More systematic evaluation has emerged in work such as Causal-
Bench, which benchmarked GPT-3.5, GPT-4, and other LLMs on causal discovery and ef-
fect identification tasks. Results demonstrated that GPT-4 performed substantially above
random chance, achieving up to 0.74 accuracy on intervention questions, although perfor-
mance varied widely across task types. The researchers concluded that causal reasoning
ability remains highly context-dependent [15]. Recent work has examined the use of LLMs
for zero-shot text classification and information extraction, including relation extraction
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and causality-related tasks. Ref. [16] specifically evaluate zero-shot and few-shot LLM
prompting for classifying causal relations, showing that causal relation identification re-
mains challenging even for state-of-the-art LLMs. Relatedly, the CASE 2022 Event Causal-
ity Identification shared task formalized causal relation detection as both a sentence-level
classification task and a span identification task for cause, effect, and signal spans [17].
For Arabic language, studies demonstrate the growing use of zero-shot LLM prompting
for classification tasks, although not necessarily causality-specific [18,19]. Collectively,
these findings suggest that LLMs exhibit emergent causal reasoning capabilities, yet their
performance remains uneven across causal subtasks and sensitive to prompt design and
dataset characteristics.

Research on event-conditioned causality and reason extraction has been conducted
in other languages. For example, the FinReason dataset for Chinese financial announce-
ments was introduced by [4], in which the task was defined as extracting the textual spans
that explain why a previously identified event occurs. In this framework, the event is al-
ready known and is represented as a structured record that includes the event type and
participant roles, and the model is required to retrieve one or more reason spans from
the associated document. Two main modeling strategies were demonstrated: a sequence-
labeling approach (BiLSTM-CRF), in which reason spans were treated as argument roles of
the event, and a reading-comprehension approach based on BERT, in which the task was
formulated as answering a “why” question conditioned on the event structure.

The reviewed literature highlights several key limitations in research. Most exist-
ing research focuses on explicit, sentence-level causality, whereas implicit and event-
conditioned causality remain underexplored, particularly outside English and Chinese.
Second, Arabic causality extraction is dominated by MSA, with very limited work address-
ing dialectal Arabic, despite the fact that dialects account for a substantial proportion of
social media communication. Third, although dialect-specialized pretrained models (e.g.,
SaudiBERT) and general-purpose LLMs both demonstrate strong representational capabil-
ities, a systematic comparison between these model families for dialectal causal inference
has not yet been conducted. The present study addresses these gaps by applying event-
conditioned causality extraction to Saudi-dialect Twitter data and by comparing the per-
formance of dialect-specialized pretrained models and general-purpose LLMs on this task.
Table 1 provides a summary of the relevant literature.

Table 1. Summary of closely related Arabic NLP studies and their relevance to the research.

Ref. Language/Variety Focus Method/Model Relevance to This Study
. Explicit causality Rule-based lexical and Early Arabic causality work, but
201 Arabic/MSA extraction syntactic patterns limited to explicit MSA relations.
Supervised classification .
. . . . . Shows the value of Arabic morphology,
[2] Arabic/MSA Causality identification =~ with morphological but does not address dialectal data.
causal markers
. . Closely related to Saudi dialect
[8] Saudi Arabic dialect Dialectal Arabic NLP SaudiBERT pretrained modeling and useful for comparing
language model . L1
dialect-specialized models.
Relevant to Arabic LLM-based
[19] Arabic Text classification Zero-shot LLM prompting  classification, though not
causality-specific.
Supports the use of LLMs for Arabic
[10]  Arabic Text classification Zero-shot/prompt-based NLP tasks, but lacks focus on

LLM methods .
causal extraction.
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3. Methodology
3.1. Task Definition

In this study, event-conditioned causal extraction is addressed under the constraint
that the effect is fixed and implicitly signaled. The effect corresponds to the intention to
obtain a sick-leave, which is not expressed directly in the text but is implied through the
use of sick-leave-related hashtags. For each instance, a tweet containing such a hashtag is
provided, and the objective is to automatically identify the underlying cause motivating
the sick-leave request.

Formally, for a tweet T containing a sick-leave hashtag H, the model is required to
identify a textual span C representing the cause in the causal relation EC — E, where
E denotes the implied effect “obtaining a sick-leave.” Tweets in which no valid cause
is expressed are labeled as negative. The model is also expected to identify the causal-
marker presence in the case of explicit cause, causal marker text, causal span text, and
causal category.

3.2. Dataset Description

A dataset consisting of 7656 Saudi-dialect tweets was reused from prior work on sick-
leave discourse in Saudi Twitter (collected and described in Section 3.1 of the original
study [1]). In the present study, this dataset was repurposed for causal analysis under
an event-conditioned setup. The data was collected using a set of keywords identified
through Hashtagify.me (https://hashtagify.app/ (accessed on 19 May 2026)), a tool that sug-
gests frequently co-occurring hashtags. The initial keyword used to generate the list was
“&lSw” a transliteration of the English term “sick leave,” which is commonly used to re-
fer to sick-leave documents. The resulting keyword list included Arabic equivalents and
related variations with similar meanings. In total, nine keywords were used, and a tweet
was retrieved if it contained at least one of them. The tweet location was restricted to Saudi
Arabia as a condition for inclusion.

Tweets posted between 1 January 2010, and 8 January 2021 were downloaded and
manually labeled into two categories: promoter and non-promoter. During annotation,
it was observed that users referred to sick leave in different ways, including joking about
needing sick leave, promoting sick-leave services, or requesting sick leave. Since most
tweets were humorous and only a small number involved requests, both joking and
request-related tweets were grouped under the non-promoter category. Tweets adver-
tising or promoting sick-leave services were labeled as promoters. Only non-promoting
sick-leaves were kept for the purpose of this dataset.

Each tweet in the dataset was authored by a unique user or by repeated users who pro-
duced multiple tweets during the collection period. Tweet-level metadata accompanying
each instance included the number of replies, the number of retweets, and the number of
hashtags used. Only tweets written predominantly in Saudi dialect Arabic were retained.
The presence of a sick-leave-related hashtag (e.g., variants of words such as &) sz »
_8)al# 4un e all are variations referring to the same word which is sick-leave) was treated
as an implicit signal of the effect that the user sought or referenced obtaining a sick-leave.
Only the cause motivating the sick-leave request was to be identified. Candidate causal
instances were initially screened using heuristic lexical signals commonly associated with
causal meaning in Saudi dialect (e.g., '3 Jlie, sy, lie) translating to (“because”, “the
reason why”, and “the reason is”), and additional examples exhibiting implicit causality
were included to avoid over-reliance on lexical cues.

Although the dataset had been prepared for the earlier study, explicit causal labels
were not available. Therefore, manual verification and labeling were carried out in the
present research. Each tweet was examined by native Saudi Arabic speakers to determine
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whether a cause motivating the sick-leave request was expressed. Two groups of label-
ers were working on the dataset; each group received half of the data. Within the group,
there was a main annotator and a reviewer, who exchanged roles. Before the labeling pro-
cess, the researchers met with the annotators and explained, with various examples, the
required tasks. The main researcher also created a video guide explaining the various
points of possible disagreement, specifically explicit vs. implicit causality. When a cause
was present, the corresponding cause span was marked. Tweets that did not contain an
expressed cause were labeled as negative examples. Ambiguous cases were adjudicated
through discussion, and only consensus-validated instances were retained. Annotation
was conducted in two levels. In Level 1, annotators determined whether each tweet con-
tained a causal relation. Out of 7656 tweets, 429 were identified as containing causality.
There were 47 disagreements at this level, and these cases were discarded, resulting in a
final dataset of 7609 tweets.

In Level 2, causal tweets were further annotated for explicit/implicit causality, causal
markers, and causal text. Thirteen disagreements were found in the explicit/implicit clas-
sification and were resolved through discussion. Inter-annotator agreement was assessed
using disagreement rate and Cohen’s kappa. In Level 1, which determined whether each
tweet contained a causal relation, the disagreement rate was 0.61% (47/7656), with a Co-
hen’s kappa value of 0.91, indicating very strong agreement. In Level 2, which classified
causal tweets as explicit or implicit, the disagreement rate was 3.03% (13/429), with a Co-
hen’s kappa value of 0.87, also indicating strong agreement. No disagreements were found
in the annotation of causal markers or causal text; therefore, agreement for these tasks
was 100%.

For each tweet, a set of descriptive features was derived to support analysis. First,
the type of causality was recorded, distinguishing between explicit and implicit expres-
sion. Explicit causality was defined as cases in which a linguistic marker overtly indicated
a causal link. Implicit causality referred to cases in which the cause was inferable from
context without the use of a direct causal marker. For tweets exhibiting explicit causality,
the causal marker employed in the text was documented.

Finally, the semantic category of the cause was assigned. Causes were grouped into
broad thematic classes, including:

Health-related causes (e.g., illness, injury, medical conditions);
Well-being or psychological factors (e.g., stress, burnout, exhaustion);
Caregiving responsibilities (e.g., supporting a child or family member);
Social or lifestyle factors (e.g., entertainment, travel, leisure activity);

General or unspecified reasons where no clear motivation was expressed.

These features were used to enable both qualitative interpretation and quantitative
modeling of causal expression in Saudi-dialect sick-leave discourse. The study combines
quantitative modeling with qualitative interpretation. Quantitative modeling is used to eval-
uate model performance across the causality extraction tasks using standard classification
and text-matching metrics. Qualitative interpretation is then used to examine model out-
puts in more detail, identify recurring error patterns, and explain the linguistic and contex-
tual factors that affect performance. A feature schema was created so that causal expression
could be analyzed. A summary of the annotated feature space is provided in Table 2.

Table 2. Summary of annotated dataset features.

Feature Description
Causality type Each tweet was labeled as expressing either explicit causality or implicit causality.
Causal marker (explicit only) For tweets expressing explicit causality, the specific linguistic marker was recorded.
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Table 2. Cont.

Feature

Description

Cause presence

A binary label indicating whether a cause motivating the sick-leave request was expressed.

Cause span

The exact textual span corresponding to the cause, where present.

Cause category

The semantic class of the cause, grouped into broad categories explicit vs. implicit.

3.3. Modeling Paradigms

Two modeling paradigms were employed in this study to compare supervised dialect-
specific learning with prompting-based large language model inference. The fine-tuned
BERT-based models were used for classification tasks, while the LLM-based models were
evaluated on both classification and text-span identification tasks.

Accordingly, the study addressed the following tasks:

i.  Cause-relation detection: determining whether a cause was expressed in the tweet;
ii.  Cause-span extraction: identifying the textual span corresponding to the expressed
cause;
iii. ~Cause-category classification: assigning the expressed cause to a general cause
category;
iv.  Causal-markeridentification: detecting whether causality was explicitly signaled and,
when applicable, identifying the causal marker present in the text.

The text-span tasks, namely cause-span extraction and causal marker text identifica-
tion, were conducted only using the LLM-based prompting approach. This is because
applying BERT-based models to span extraction would require a different annotation and
modeling setup. Specifically, the data would need to be prepared using token-level labels,
such as BIO tagging, or start and end span positions. In addition, BERT classifiers produce
predefined label outputs, whereas LLMs can naturally generate free-text spans in response
to prompts. Therefore, using BERT for span extraction would require a separate architec-
ture and evaluation pipeline, distinct from the classification pipeline used in the reported
BERT experiments.

3.3.1. Dialect-Specific Pretrained Model

AraBERT and SaudiBERT were employed as the supervised modeling approach. The
models had been pretrained on Arabic MSA, whereas SaudiBERT was trained on large-
scale Saudi Arabic social media text, and therefore, it has been trained to encode lex-
ical and morphological variation characteristics of Saudi dialects more effectively than
general Arabic.

To investigate the effectiveness of dialect-specialized pretrained transformers for
event-conditioned causality analysis in Saudi dialect Arabic, four supervised transformer-
based classification models were developed and evaluated. The comparison between the
two models was intended to examine whether dialect-specialized pretraining provides
measurable advantages for causal reasoning tasks in Saudi social media discourse.

The first task addressed was cause-relation detection, in which tweets were classified
into two categories:

i. Tweets expressing a cause motivating the sick-leave request;
ii. Tweets not expressing a cause.

The second task addressed causality-type classification. Only tweets previously iden-
tified as containing a cause were included in this stage. The objective was to determine
whether the causal relation was expressed explicitly through a linguistic causal marker or
implicitly through contextual inference. Two additional classification models were there-
fore developed:
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i.  SaudiBERT for explicit/implicit causality classification;
ii.  AraBERT for explicit/implicit causality classification.

For all four models, supervised fine-tuning was conducted using the HuggingFace
Transformers framework. A sequence-classification head was added on top of the pre-
trained transformer encoder. The final hidden representation associated with the special
classification token was passed through a linear classification layer to predict the target
class label.

Tweets were tokenized using the native tokenizer associated with each pretrained
model. No conversion to Modern Standard Arabic was applied in order to preserve dialec-
tal lexical and morphological characteristics. Maximum input length was initially fixed
at 128 tokens. Additional experiments using longer sequence lengths were also explored
during model optimization, although no substantial improvement was observed for the
explicit/implicit classification task.

The dataset was divided into training, development, and test partitions using strati-
fied splitting. To reduce the risk of information leakage, user-level separation was enforced
whenever possible so that tweets originating from the same user did not appear across dif-
ferent partitions. Model selection was based on development-set performance.

Fine-tuning was conducted for five epochs using the AdamW optimizer with linear
learning-rate scheduling. Learning-rate values between 1 x 107> and 2 x 10~ were exper-
imentally explored during optimization. Batch size was fixed at eight due to GPU memory
limitations and the relatively small dataset size. During training, weighted cross-entropy
loss was employed for the cause/no-cause task in order to mitigate class imbalance. Inverse-
frequency class weights were applied, together with an additional scaling factor of 1.5 for
the minority CAUSE class. Gradient clipping and early stopping based on development
macro-F1 were additionally employed to reduce overfitting.

3.3.2. Large Language Models (LLMs)

General-purpose large language models (LLMs), specifically ChatGPT using GPT-4.1-
mini and Gemini using Gemini-2.5-flash, were also evaluated. These models were selected
as comparable efficient general-purpose LLMs suitable for high-volume text annotation
tasks, although they are not assumed to be equivalent in architecture, training data, or
language-specific performance. Unlike the SaudiBERT and AraBERT models, the LLMs
were not fine-tuned on the study dataset. Instead, they were assessed through prompting-
based experiments in order to examine their ability to generate structured labels directly
from Saudi Arabic tweet text.

The LLM evaluation focused on the same annotation attributes used in the supervised
BERT-based experiments. This design allows the LLM outputs to be compared with the
labels produced by the SaudiBERT and AraBERT configurations.

The prompting-based LLM experiments were conducted through the API rather than
the web interface. The data was uploaded on a Google Sheet and an API call for the relevant
LLM would provide the results in cells next to each tweet. For all experiments, the gen-
eration settings were kept fixed across models and prompting configurations. Two main
settings were set: the temperature, which controls the randomness of the model output,
and the top-p, which controls the range of candidate tokens considered during generation.
In this study, temperature was set to 0 to reduce randomness and improve reproducibility,
while top-p was set to 1.0 to avoid additional restrictions on token selection.

The reported results are based on a single complete run for each model and prompting
configuration. Multiple repeated runs were not averaged. This decision was made because
the experiments used deterministic or near-deterministic settings, and the main objective
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was to compare model performance under controlled prompting conditions. Prompts used
are available in the Appendix A.

Due to the cost and resource requirements of API-based LLM experiments, the
prompting-based evaluation was conducted on a balanced subset of the gold-standard
dataset rather than the full dataset. The subset contained 858 tweets that was randomly
selected and was constructed to include approximately equal numbers of cause-present
and cause-absent instances. Downstream tasks, including explicit/implicit classification,
cause-span extraction, and causal-marker identification, were evaluated only on the cause-
present instances within this balanced evaluation subset. Table 3 shows the breakdown of
the sub dataset.

Table 3. Evaluation subsets used for the LLM experiments, including the balanced cause-presence
set and the cause-present subset used for downstream tasks.

Task Evaluation Subset N
Cause presence Balanced LLM evaluation subset 858
Explicit/implicit classification =~ Cause-present tweets within the balanced subset 429

Several prompting configurations were tested. First, a zero-shot setting was used, in
which the models received only the task instructions and label definitions, without any
annotated examples. Second, a few-shot setting with 10 examples was used to examine
whether limited in-context demonstrations improve label consistency and extraction accu-
racy. To examine the effect of in-context example selection and to address label imbalance,
four versions of the 10-example few-shot prompt were created. These versions varied in
the composition of examples, particularly in how they represented underrepresented la-
bels and less frequent annotation cases. This allowed the study to assess whether few-shot
performance was affected not only by the presence of examples, but also by which exam-
ples were included in the prompt.

The few-shot examples were designed to support all annotation attributes: cause-
presence detection, cause-span extraction, cause-category assignment, causal-marker de-
tection, and causal-marker extraction. The experiments therefore compared zero-shot
prompting with multiple imbalance-aware few-shot prompt variants, while keeping the
core task instructions and output structure consistent across runs.

A step-wise zero-shot prompting setting was also introduced to examine whether
task decomposition improves performance. In this configuration, no labeled examples
were provided. Instead, the annotation process was structured sequentially: cause pres-
ence was identified first, followed by cause-span extraction, cause-category assignment,
causal-marker detection, and causal-marker extraction when applicable. This setting will
be compared to multi-task zero-shot prompting.

Each prompting configuration was executed in a separate session to avoid carry-over
effects from previous prompts or model responses. The prompts were submitted indepen-
dently for each experimental condition. The same input tweets and output schema were
used across models to ensure that differences in performance were attributable to model
behavior rather than differences in prompt structure or data input.

3.4. Evaluation Protocol
3.4.1. Quantitative Evaluation Protocol

For classification-based attributes (in BERT and LLMs), including cause presence,
cause category, and causal-marker presence, model outputs were compared directly
against the gold-standard labels. Performance was measured using standard classification
metrics, including precision, recall, F1-score, and accuracy. Because some labels were im-
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balanced, macro-averaged and weighted-average F1-scores were used where appropriate.
Macro-F1 was used to assess performance across labels without allowing majority classes
to dominate the results, while weighted-F1 was used to reflect performance in relation to
the actual label distribution.

For extraction-based attributes, including cause span and causal-marker span, the pre-
dicted text spans were compared with the gold-standard spans. Exact-match evaluation
was used to determine whether the model extracted the same span as the annotated ref-
erence. In addition, partial-match analysis was considered to account for cases where the
model extracted a semantically correct span but differed slightly from the gold-standard
boundary. This was particularly important where cases like informal spelling, dialectal
expressions, and flexible phrase boundaries may lead to small surface-level differences in
extracted spans.

For the LLM experiments, results were compared across three dimensions. First, zero-
shot and few-shot settings were compared to assess the effect of in-context examples. Sec-
ond, the few-shot prompt versions were compared to examine whether example compo-
sition and imbalance-aware example selection affected performance. Third, single-tweet
processing and batch processing were compared to assess whether batching influenced
annotation quality. For batch-processing experiments, performance was calculated sepa-
rately for each batch size in order to identify the point at which model performance began
to decline.

The final evaluation therefore compared model performance at multiple levels: be-
tween SaudiBERT and AraBERT, between the two LLMs, across prompting strategies,
across few-shot prompt versions, and across single-tweet and batch-processing modes. A
summary of the evaluation measures applied to the cause-relation detection and cause-
span extraction tasks is presented in Table 4.

Table 4. Summary of evaluation tasks, metrics, and scoring criteria.

Task

Definition

Evaluation Unit

Primary Metrics

Scoring Condition

Cause-Relation
Detection

Determine whether a tweet
expresses a cause motivating
the sick-leave request

Tweet-level

Precision, Recall,
Macro-F1, Accuracy

A prediction is counted as correct only
when the predicted binary label
matches the gold label

Cause-Span
Extraction

Identify the textual span
corresponding to the
expressed cause

Span-level/
text-level

Exact Match, Partial
Match/token-level F1

Span evaluation is applied only to
tweets labeled as containing a cause.
Exact match requires the predicted
span to match the gold span exactly;
partial/token-level scoring captures
overlap between predicted and
gold spans

Cause-Category
Classification

Assign the identified cause to
one of the predefined
semantic categories, such as
health, well-being, caregiving,
lifestyle, or
general/unspecified

Tweet-level,
cause-positive
instances only

Accuracy, Macro-F1

A prediction is treated as correct only
when the predicted category matches
the annotated gold category

Causal-Marker
Presence
Detection

Determine whether the tweet
contains an explicit
causal marker

Tweet-level

Precision, Recall,
Macro-F1, Accuracy

A prediction is counted as correct only
when the predicted binary
marker-presence label matches the
gold label

Causal-Marker
Extraction

Identify the lexical causal
marker used in the tweet,
when one is present

Marker-level/
text-level

Marker-level Accuracy,
Exact Match

A prediction is scored as correct only
when the returned marker matches
the annotated causal marker

Prompting
Configuration
Comparison

Compare model performance
across zero-shot and
10-example few-shot

prompting, including the four

few-shot prompt versions

Experiment-level

Macro-F1, Accuracy,
Invalid-output Rate,
Performance Variation
Across Prompt Versions

Performance is compared across
prompt settings using the same test set
and gold labels; differences are
interpreted in relation to prompt type
and example composition
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Table 4. Cont.

Task

Definition Evaluation Unit Primary Metrics Scoring Condition

Processing Mode
Comparison

Compare single-tweet

effect of batch size

Performance is calculated separately

. ; . Macro-F1, Accuracy, for single-tweet and batch settings;
processing with batch Experiment-level/ . .
rocessing and examine the batch-size level Span-match Scores, batch performance is examined across
P 5 Invalid-output Rate batch sizes to identify where output

quality begins to decline

3.4.2. Qualitative Evaluation Protocol

To complement the quantitative evaluation, a qualitative analysis was conducted to
examine how the models handled causal meaning in Arabic sick-leave tweets. The pur-
pose of this analysis was not only to identify whether predictions were correct or incor-
rect, but also to understand the types of linguistic and contextual challenges that affected
model performance.

A sample of model outputs was selected from the evaluation results for closer inspec-
tion. The sample included correct predictions, false positives, false negatives, partially cor-
rect span extractions, and incorrect cause-category assignments. Particular attention was
given to cases where the quantitative scores alone did not fully explain model behavior,
such as tweets with implicit causality, dialectal expressions, overlapping cause categories,
or causal markers embedded in informal language.

Each selected tweet was manually reviewed by comparing the gold annotation with
the model prediction. The analysis focused on five aspects: whether the model correctly
detected the presence of a cause, whether the extracted cause span matched the intended
causal explanation, whether the assigned cause category reflected the meaning of the tweet,
whether causal markers were correctly identified, and whether the model added, omitted,
or misinterpreted relevant text.

The qualitative findings were used to interpret the quantitative results and explain
differences between models and prompting strategies. For example, cases with partial
span overlap helped clarify why token-overlap scores were higher than exact-match scores,
while examples of minority-category confusion helped explain low macro-F1-scores de-
spite reasonable accuracy. This qualitative layer therefore provided a deeper understand-
ing of the strengths and limitations of LLMs’ zero-shot prompting approach in extracting
causal information from informal Arabic tweets.

4. Results

This section presents the empirical results of the study in three subsections. First,
descriptive statistics are reported for the gold-standard annotated dataset in order to char-
acterize the distribution of causal annotations and provide context for interpreting model
performance. Second, the results of the fine-tuned BERT-based models are presented, com-
paring SaudiBERT and AraBERT on the main classification tasks. Finally, the LLM-based
results are reported, comparing GPT-4.1-mini and Gemini-2.5-flash across prompting con-
figurations, classification performance, and text-span identification tasks.

4.1. Gold-Standard Dataset Overview

The descriptive statistics were calculated after excluding tweets without a valid
cause-presence annotation. The analyzed gold-standard dataset therefore consisted of
7609 tweets. The dataset was highly imbalanced: only 429 tweets were annotated as con-
taining an expressed cause (5.6%), while 7180 tweets were annotated as not containing an
expressed cause (94.4%). Among the 429 cause-present tweets, 398 tweets had an anno-
tated cause span, representing 92.8% of the cause-present subset. The cause spans were
generally short, with an average length of approximately 2.77 tokens and a median of
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2 tokens. This suggests that causes were often expressed through short phrases rather
than long explanatory clauses, which is consistent with the maximum text length allowed
by Twitter/X.

The explicit/implicit causality labels were available for 429 cause-present tweets. Of
these, 232 tweets were labeled as explicit (54%), while 197 tweets were labeled as implicit
(45.9%). Causal markers were annotated in 232 cause-present tweets.

Cause-category labels were available for 429 cause-present tweets. The most frequent
category was well-being or psychological, with 187 tweets (43.5%). This was followed by
general unclear with 106 tweets (24.7%) and health-related with 100 tweets (23.3%). The
less frequent categories were social or lifestyle factors with 24 tweets (5.5%) and caregiving
responsibilities with 12 tweets (3.0%). Table 5 provides a summary of these statistics.

Table 5. Descriptive statistics of the gold-standard dataset.

Statistic Count Percentage/Value
Total analyzed tweets 7609 100%
Tweets with expressed cause 429 5.6%
Tweets without expressed cause 7180 94.4%
Cause-present tweets with annotated cause span 398 92.8%
Average cause-span length — 2.77 tokens
Median cause-span length — 2 tokens
Explicit causality 232 54.1%
Implicit causality 197 45.9%
Tweets with causal markers 232 54.1%
Well-being or psychological 187 43.6%
General/unclear 106 24.7%
Health-related 100 23.3%
Social or lifestyle factors 24 5.6%
Caregiving responsibilities 12 2.8%

4.2. BERT-Based Model Results

Two transformer-based language models, SaudiBERT and AraBERT, were evaluated
on two downstream tasks: (i) cause-presence detection and (ii) explicit/implicit causality
classification. Table 6 summarizes the overall performance of both models. Figures 1 and 2
present the confusion matrices and precision-recall (PR) curves for the cause-presence de-
tection task, whereas Figure 3 illustrates the confusion matrices for the explicit/implicit
classification task.
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Figure 1. Confusion matrices for SaudiBERT and AraBERT on the cause-presence detection task.
Color intensity indicates frequency; darker shades represent higher counts.
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Figure 2. Precision—recall curves for SaudiBERT and AraBERT on the cause-presence detection task.
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Figure 3. Confusion matrices for SaudiBERT and AraBERT on the explicit/implicit causality classifi-
cation task. Color intensity indicates frequency; darker shades represent higher counts.
Table 6. Performance comparison of fine-tuned SaudiBERT and AraBERT models. Bold values indi-
cate the best-performing result for each task.
Macro Macro . Key Positive/
Task Model Accuracy Precision Recall Macro-F1 Weighted-F1 Minority-Class Result
Cause-Presence . Cause-present F1 = 0.3390;
Detection SaudiBERT 0.8975 0.6169 0.6927 0.6417 0.9100 Recall = 04615
Cause-Presence Cause-present F1 =0.2993;
Detection AraBERT 0.9098 0.6139 0.6414 0.6256 0.9147 Recall = 0.3385
Cause-Category . Implicit F1 =0.7077;
Classification SaudiBERT 0.7246 0.7235 0.7242 0.7237 0.7249 Explicit F1 = 0.7397
Cause-Category ) _BERT 0.6812 0.6795 0.6795 0.6795 0.6812 Implicit F1 =0.6562;

Classification

Explicit F1 =0.7027

4.2.1. Cause-Presence Detection

Table 4 shows that both models achieved high overall accuracy; however, because

only 5.6% of the dataset belongs to the CAUSE class, accuracy alone is insufficient for eval-

uating performance. As shown in Table 4, SaudiBERT achieved a substantially higher re-
call and F1-score for the minority CAUSE class, whereas AraBERT achieved slightly higher
overall accuracy by favoring the majority NO_CAUSE class. This trend is clearly reflected

in the confusion matrices (Figure 1), where SaudiBERT retrieved considerably more causal
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tweets but also produced more false positives. Conversely, AraBERT generated fewer false
positives at the expense of missing a larger number of genuine causal tweets.

The PR curves (Figure 2) provide a more informative assessment of the highly imbal-
anced dataset than overall accuracy. SaudiBERT maintained a stronger precision—recall
trade-off across decision thresholds, supporting its superior ability to retrieve minority-
class instances. The results reported in Table 4 further demonstrate that both models
achieved precision and F1-scores above 93% for the NO_CAUSE class, while performance
on the CAUSE class remained substantially lower because of the scarcity and linguistic
variability of causal tweets.

Many false positives contained medical vocabulary frequently associated with sick
leave without expressing an actual causal relationship. For example:

Original (Arabic) “oh jie M) (e b pal) Adduall 79 g9k a0,

“T am going to the hospital shortly to pretend to be sick
English translation §Oms P ) y, P .
so that I can obtain a medical excuse.

Although the tweet contains words such as “hospital” and “medical excuse”, it merely
describes an intention rather than a causal relation, leading the classifier to incorrectly pre-
dict the CAUSE class. Many false negatives involved implicit causal reasoning requiring
contextual interpretation. For example:

Original (Arabic) Ml ey 2y, Gal ) Ao Adiua e Bl SU L,

. . “] am very dissatisfied with Riyadh Care Hospital... they
English translation . ] . i
refuse to give me a sick-leave certificate.

Here, the causal relation is implied through the narrative rather than introduced by
explicit causal markers, explaining why the model failed to recognize it.

4.2.2. Explicit/Implicit Causality Classification

As shown in Table 4, SaudiBERT also outperformed AraBERT on the explicit/implicit
classification task. According to the results in Table 4, SaudiBERT achieved balanced pre-
cision and recall across both classes, indicating that it did not exhibit a strong bias towards
either explicit or implicit causality. The confusion matrix (Figure 3) confirms that most re-
maining errors were due to confusion between semantically similar instances rather than
systematic misclassification of one category.

Inspection of the error analysis indicates that the remaining errors mainly occur in
borderline cases where the distinction between explicit and implicit reasoning depends on
discourse context. For example:

Original (Arabic) el Adla (e ciilSu gais
English translation “I have a sick-leave certificate issued by a private hospital.”

Although annotated as an explicit reason, the classifier predicted it as implicit because
the explanation relies largely on conversational context rather than overt discourse markers.

Overall, the combined evidence from Tables 46 and Figures 1-3 demonstrates that
SaudiBERT provides more balanced performance than AraBERT. Its stronger minority-
class recall, improved precision-recall characteristics and better handling of Saudi Arabic
dialect make it the preferred model for subsequent experiments.

4.3. LLM-Based Results

The LLM-based experiments evaluated GPT-4.1-mini and Gemini-2.5-flash under
zero-shot and few-shot prompting configurations. This subsection presents these findings.
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4.3.1. Zero-Shot Performance

In the zero-shot setting, the models were provided with task instructions, label defi-
nitions, and the required output format, but no annotated examples. Tables 3 and 4 report
the zero-shot performance of GPT and Gemini on the Saudi Arabic sick-leave tweet anno-
tation tasks. The results include classification tasks and text-matching tasks. Classification
tasks were evaluated using accuracy, macro-F1, and weighted-F1, while extraction tasks
were evaluated using exact-match rate and average token-overlap score.

In the zero-shot setting, Gemini outperformed GPT on “cause presence” and “cause
category”. For cause-presence detection, Gemini achieved an accuracy of 0.708 compared
with GPT’s accuracy of 0.651. However, the class-level results show that both models still
struggled with the minority “yes” class. GPT-mini achieved an F1-score of 0.34 for tweets
where a cause was expressed, while Gemini achieved a slightly higher F1-score of 0.37.
Gemini’s improvement therefore reflects better overall performance, but the detection of
cause-positive tweets remained challenging for both models.

For cause-category classification, Gemini also achieved higher aggregate performance
than GPT. Gemini reached an accuracy of 0.628 and weighted-F1 of 0.650, compared with
GPT's accuracy of 0.570 and weighted-F1 of 0.614. However, the macro-F1-scores for both
models were very low: 0.064 for GPT and 0.068 for Gemini. This can be attributed to the
class imbalance problem which influenced the performance.

For causal-marker presence detection, GPT achieved an accuracy of 0.854. The class-
level results show a strong imbalance effect: the model performed well on the majority “no
marker” class but poorly on the minority “yes marker” class. Table 7 displays the results
for the zero-shot classification task for Gemini and ChatGPT.

Table 7. Zero-shot classification performance grouped by annotation task.

Task Model Accuracy P?::[ji(;ri?m },{iz;icsli?; Macro-F1 Weighted-F1
Cause Presence/Cause Expressed GPT 0.651 0.555 0.277 0.550 0.675
Cause Presence/Cause Expressed Gemini 0.708 0.585 0.327 0.590 0.719
Cause Category GPT 0.570 — — 0.064 0.614
Cause Category Gemini 0.628 — — 0.068 0.650
Causal-Marker Presence GPT 0.854 0.575 0.280 0.506 0.810
Causal-Marker Presence Gemini 0.838 0.590 0.300 0.561 0.816

For the text-matching tasks, Gemini outperformed GPT on cause-span extraction.
Gemini achieved an exact-match rate of 0.645 and an average token-overlap score of 0.662,
compared with GPT’s exact-match rate of 0.574 and average token-overlap score of 0.595.
This suggests that Gemini was better able to identify the textual span corresponding to the
expressed cause in the zero-shot setting.

For causal marker text matching, however, GPT achieved slightly higher performance
than Gemini. GPT reached an exact-match rate of 0.849 and an average token-overlap score
of 0.849, compared with Gemini’s exact-match rate of 0.825 and average token-overlap
score of 0.826. Overall, the text-matching results suggest that the two models differed by
task: Gemini performed better on cause-span extraction, while GPT performed slightly
better on causal marker text matching. Table 8 presents these results.

Overall, the zero-shot results suggest that Gemini-2.5-flash performed better than
GPT-4.1-mini on the reported cause-presence and cause-category tasks. Nevertheless, both
models showed evidence of imbalance sensitivity. Weighted-F1-scores were consistently
higher than macro-F1-scores, and performance on minority labels remained weak. The
very low macro-F1 for cause-category classification in particular indicates that zero-shot
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prompting alone was insufficient for reliable fine-grained cause classification. These re-
sults provide the baseline for assessing whether few-shot prompting and imbalance-aware
example selection improve performance in later experiments.

Table 8. Zero-shot text-matching performance grouped by annotation task.

Task Model Exact Match Average Token Overlap Metric Type
Cause Span Text GPT 0.574 0.595 Exact match + token overlap
Cause Span Text Gemini 0.645 0.662 Exact match + token overlap
Causal Marker Text GPT 0.849 0.849 Exact match + token overlap
Causal Marker Text Gemini 0.825 0.826 Exact match + token overlap

A zero-shot step-wise prompting strategy was evaluated on the same dataset. Un-
like the earlier multi-task prompting settings, this strategy decomposed the annotation
task into four sequential prompts: cause-relation detection, cause-span extraction, cause-
category classification, and causal-marker identification. The purpose of this experiment
was to examine whether breaking the task into simpler subtasks would improve model
performance without using any demonstration examples.

Overall, Gemini performed slightly better than ChatGPT on cause-presence detection
and cause-category classification. For cause-presence detection, Gemini achieved an accu-
racy of 0.537 and a macro-F1 of 0.537, compared with ChatGPT’s accuracy of 0.487 and
macro-F1 of 0.481. A similar pattern was observed for cause-category classification. For
causal-marker presence, ChatGPT outperformed Gemini. ChatGPT achieved an accuracy
of 0.650 and macro-F1 of 0.568, whereas Gemini achieved an accuracy of 0.617 and macro-
F1 of 0.500. However, both models showed weaker performance on the exact identification
of causal marker text. Neither model achieved any exact matches for causal marker text,
with exact match scores of 0.000 for both systems. The weakest results were observed for
cause-span extraction. ChatGPT achieved an exact match score of 0.067 and token F1 of
0.111, while Gemini achieved an exact match score of 0.106 and token F1 of 0.189. Gem-
ini therefore performed better on span extraction, but the overall scores remained low.
This indicates that zero-shot step-wise prompting did not reliably lead the models to copy
the exact annotated cause span. The models may have extracted broader phrases, para-
phrased the cause, or selected partially overlapping text rather than matching the human
annotation exactly. Table 9 provides the summary of the results of the zero-shot step-wise
prompting experiment.

Table 9. Summary of the results of the zero-shot step-wise prompting experiment.

Task Best Model Key Result Interpretation

Gemini was slightly better at detecting whether

Cause Presence/ Accuracy = 0.537;

Cause Expressed Gemini Macro-F1 = 0.537 the tweet.expressed a cause for the
sick-leave request.
Cause Catesor Cemini Accuracy = 0.490; Gemini performed better, but category
oty Macro-F1 =0.335 classification remained difficult for both models.
Causal-Marker Accuracy = 0.650; ChatGPT was better at identifying whether the
ChatGPT AT
Presence Macro-F1 =0.568 cause was explicit or implicit.
Cause Span Gemini Exact Match = 0.106; Gemini extracted cause spans better, but exact
Text Matching Token F1=0.189 span matching was still weak.
Causal Marker Cemini Exact Match = 0.000; Both models failed on exact marker matching;
Text Matching Token F1 =0.060 Gemini had slightly higher token overlap.
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Compared with the zero-shot multi-task prompt, the zero-shot step-wise prompting
strategy generally produced weaker results. For cause-presence detection, both GPT and
Gemini performed better under the multi-task setting, with Gemini achieving the strongest
overall performance. The difference was especially clear for text extraction tasks. Cause-span
extraction dropped sharply under the step-wise approach, with GPT decreasing from 0.574 ex-
act match to 0.067 and Gemini decreasing from 0.645 to 0.106. A similar pattern was observed
for causal marker text extraction, where the multi-task prompt produced high exact-match
scores for both GPT and Gemini, while the step-wise approach produced no exact matches.

4.3.2. Few-Shot Performance

The few-shot experiments used prompts containing annotated examples. Four ver-
sions of the few-shot prompt were tested to examine the effect of example selection and
class imbalance on model performance. These versions varied in the composition of ex-
amples, particularly in how they represented underrepresented labels and less frequent
annotation cases.

The few-shot experiments tested whether labeled examples in the prompt help the
model improve over zero-shot performance, and whether example balance affects results
under class imbalance. The same fixed test set was used across all experiments consisting
of 300 test samples. The experiments were:

o  El: 10-shot natural distribution: Ten labeled examples were randomly selected from
the training pool, preserving the dataset’s original imbalance.

o  E2: 10-shot balanced by cause presence: Ten examples were used: five cause-present
and five cause-absent.

e  E3: 10-shot minority-focused: Ten examples were selected with more emphasis on the
minority class, seven minority examples and three majority examples.

e E4: 20-shot balanced by cause presence: Twenty examples were used: ten cause-
present and ten cause-absent.

Table 10 provides a summary of the experiments and their results.

Table 10. Few-shot classification performance of GPT-4.1-mini and Gemini-2.5-flash across E1-E4.

Task Experiment GPT GPT Macro GPT GPT Gemini GI\Z;‘;‘;‘ Gemini Gemini
P Accuracy Precision Macro-F1 Weighted-F1 Accuracy Precision Macro-F1 Weighted-F1
Cause Presence Ell (I)\_I:}tl‘(‘;al 0.575 0.588 0.536 0.619 0.767 0.630 0.634 0.771
CausePresence  "2poanced 0568 0573 0525 0.614 0673 0616 0.606 0.708
Cause Presence foiiifé“ﬁ;g;t 0.525 0.587 0.502 0.569 0.546 0.614 0.524 0.589
CausePresence - oaanced 0541 0583 0511 0586 0.636 0.609 0582 0.677
Cause Category Ell g:}i‘éial 0.489 0.041 0.035 0561 0.739 0218 0.241 0.724
Cause Category Ezl?fl;‘;ied 0.521 0.192 0.157 0.588 0.626 0.410 0417 0.678
Cause Category foliii\fg‘l‘g_‘st}yl;t 0.459 0.220 0.194 0.536 0.508 0.354 0.348 0.584
Cause Category Eg%i;‘(‘fd 0.494 0.333 0.313 0574 0.608 0.278 0.294 0.668
Causal-Marker E1 Natural 0.740 0.578 0.578 0.783 0.877 0.619 0.569 0.856
Presence 10-shot
Causal-Marker E2 Balanced 0.660 0.559 0.530 0.724 0.838 0.610 0.621 0.847
Presence 10-shot
Causal-Marker E3 Minority- 0.560 0.558 0.479 0.640 0.768 0.552 0.555 0.797
Presence focused 10-shot
Causal-Marker E4 Balanced 0.604 0.567 0.509 0.679 0.768 0.596 0.605 0.805
Presence 20-shot
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Compared with GPT, Gemini showed stronger few-shot classification performance
across most tasks and configurations. For cause-presence detection, Gemini consistently
achieved higher accuracy, macro precision, macro-F1, and weighted-F1 than GPT, with
its strongest result under E1. This pattern is consistent with the zero-shot results, where
Gemini also outperformed GPT on cause presence, achieving higher accuracy, macro pre-
cision, yes-class precision, macro-F1, and weighted-F1. For cause-category classification,
Gemini also performed better overall in the few-shot experiments, particularly in accuracy
and weighted-F1, although both models continued to struggle with macro-level perfor-
mance because of label imbalance. This differs slightly from the zero-shot results: while
Gemini already had higher accuracy and weighted-F1 than GPT in zero-shot category clas-
sification, both models had extremely low macro-F1-scores (0.068 for Gemini and 0.064 for
GPT). In the few-shot setting, macro-level category performance improved more clearly,
especially when the examples were balanced or minority-focused. For causal-marker pres-
ence, the comparison is more nuanced. In zero-shot, GPT had slightly higher accuracy
(0.854 vs. 0.838), but Gemini had better macro precision, yes-class precision, macro-F1,
and weighted-F1, indicating more balanced performance on the minority “yes” class. In
the few-shot experiments, Gemini generally surpassed GPT on this task as well, especially
in weighted-F1 and macro-F1. Overall, the few-shot results strengthen the pattern already
visible in zero-shot: Gemini tends to produce better and more balanced classification per-
formance, while GPT is more affected by label imbalance and, in some cases, achieves
competitive accuracy mainly by favoring majority-class predictions. Table 11 summarizes
these experiments and their results.

Table 11. Few-shot text-matching performance of GPT-4.1-mini and Gemini-2.5-flash across E1-E4.

Task Experiment GPT Exact GPT Avg. Token Gemini Exact Gemini Avg,.
S perime Match Overlap Match Token Overlap
Cause Span Text E1 Natural 10-shot 0.460 0.488 0.711 0.721
Cause Span Text E2 Balanced 0.457 0.485 0.576 0.596
10-shot
E3 Minority-
Cause Span Text focused 10-shot 0.402 0.434 0.432 0.463
E4 Balanced
Cause Span Text 20-shot 0.425 0.456 0.539 0.567
Causal Marker Text ~ E1 Natural 10-shot 0.692 0.695 0.871 0.871
Causal Marker Text E2 Balanced 0.613 0.619 0.810 0.815
10-shot
Causal Marker Text > Minorify- 0500 0.506 0.746 0.749
focused 10-shot
Causal Marker Text B4 Balanced 0.547 0.551 0.727 0.732
20-shot

Across the few-shot text-matching experiments, Gemini consistently outperformed
GPT on cause-span extraction, while GPT remained more competitive on causal marker
text matching. For cause span text matching, Gemini achieved higher exact-match and
token-overlap scores than GPT across all E1-E4 configurations, with its best performance
under E1. This follows the same pattern observed in the zero-shot setting, where Gem-
ini also outperformed GPT on cause-span matching, achieving an exact-match score of
0.645 and token-overlap score of 0.662, compared with GPT’s 0.574 and 0.595. How-
ever, Gemini’s strongest few-shot result, especially under E1, exceeded its zero-shot
cause-span performance.
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For causal marker text matching, the pattern was different. In the zero-shot set-
ting, GPT performed slightly better than Gemini, with an exact-match and token-overlap
score of 0.849, compared with Gemini’s 0.825 and 0.826. In the few-shot setting, how-
ever, Gemini outperformed GPT across all E1-E4 configurations, with its strongest per-
formance again under E1. This suggests that Gemini benefited more from the few-shot
examples for marker extraction, while GPT’s few-shot marker-matching scores declined
compared with its zero-shot result. Overall, the text-matching results indicate that Gem-
ini was more responsive to few-shot prompting for extraction tasks, particularly under
the natural-distribution E1 setup, whereas GPT’s zero-shot performance was stronger for
causal-marker matching but did not improve under the few-shot configurations.

4.3.3. Single-Tweet Processing vs. Batch Processing

The same prompting configurations were tested under two processing modes: single-
tweet processing and batch processing. In the single-tweet setting, each tweet was sub-
mitted to the model individually. In the batch-processing setting, multiple tweets were
submitted within the same prompt.

The results will compare the quality of annotations generated under both modes.
Batch-processing performance will also be examined across different batch sizes to iden-
tify whether there is a point at which performance begins to decline. This analysis will
consider both predictive performance and output reliability, including formatting errors,
missing labels, and inconsistencies in structured responses. Tables 12 and 13 summarize
the batch 10 and text-matching experiments and their results.

Table 12. Batch of 10 classification performance.

Task Experiment GPT GPT GPT Gemini Gemini Gemini
P Accuracy Macro-F1 =~ Weighted-F1 =~ Accuracy Macro-F1 =~ Weighted-F1
Cause Presence E1 Natural 0.621 0.547 0.662 0.690 0.550 0.743
10-shot
Cause Presence E2 Balanced 0.512 0.484 0.560 0.684 0.546 0.740
10-shot
Cause Presence E3 Minority- 0.497 0.475 0.542 0.558 0.464 0.638
focused 10-shot
Cause Presence E4 Balanced 0.492 0.468 0.539 0.648 0.538 0.711
20-shot
Cause Category El Natural 0.568 0.054 0.617 0.650 0.061 0.729
10-shot
Cause Category E2 Balanced 0.450 0.172 0533 0.658 0.178 0.730
10-shot
E3 Minority-
Cause Category = “ V0 0.438 0.182 0.516 0.538 0.196 0.634
Cause Category E4 Balanced 0.449 0.247 0.532 0.625 0.226 0.707
20-shot
Causal-Marker El Natural 0.758 0.560 0.793 0.815 0.536 0.837
Presence 10-shot
Causal-Marker E2 Balanced 0.637 0.519 0.707 0.850 0.534 0.854
Presence 10-shot
Causal-Marker E3 Minority- 0.584 0.487 0.663 0.821 0.500 0.834
Presence focused 10-shot
Causal-Marker E4 Balanced 0.604 0.505 0.680 0.841 0.568 0.854
Presence 20-shot
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Table 13. Batch of 10 text-matching performance.

Task Experiment GPT Exact GPT Token Gemini Exact  Gemini Token
as pertme Match Overlap Match Overlap
Cause Span Text Matching E1 Natural 10-shot 0.537 0.552 0.640 0.649
Cause Span Text Matching E2 Balanced 10-shot 0.391 0.421 0.631 0.644
Cause Span Text Matching E3 Minority-focused 0.385 0.412 0.512 0.523
10-shot
Cause Span Text Matching E4 Balanced 20-shot 0.374 0.403 0.591 0.603
Causal Marker Text E1 Natural 10-shot 0.730 0.732 0.799 0.803
Matching
Causal Marker Text E2 Balanced 10-shot 0.581 0.585 0.847 0.847
Matching
Causal Marker Text E3 Minority-focused
Matching 10-shot 0.525 0.529 0.817 0.817
Causal Marker Text E4 Balanced 20-shot 0.548 0.554 0.831 0.832
Matching

In the batch-of-10 setting, Gemini-2.5-flash outperformed GPT-4.1-mini across almost
all classification and text-matching tasks. Compared with single-tweet processing, batch
processing affected the two models differently. For GPT-4.1-mini, batching sometimes
improved performance under the natural-distribution prompt, especially E1, where batch
processing improved cause-presence accuracy, cause-category accuracy, causal-marker ac-
curacy, cause-span matching, and causal-marker matching. However, GPT’s performance
generally declined under the balanced or minority-focused configurations, suggesting that
batching increased instability when the prompt examples already pushed the model to-
ward minority classes. Gemini, in contrast, remained stronger than GPT in batch mode,
but its batch performance was often lower than its own single-tweet performance, espe-
cially under E1. For example, Gemini’s single-tweet E1 cause-presence accuracy was 0.767,
while batch E1 dropped to 0.690; its cause-span exact match dropped from 0.711 to 0.640.
Overall, batch processing appears more efficient but can reduce performance, particularly
for Gemini relative to its single-tweet results. However, even with this reduction, Gemini
remained the stronger model overall in the batch-of-10 setting.

Another experiment was set up to find the best number of shots to use to get the
best performance. The experiment was performed on Gemini since it achieved the best
results in natural shot distribution. The results of the classification tasks, mainly cause
expressed, show some variation across the 2-9 shot settings, but no steady improvement
as the number of examples increases. Performance starts at 0.6066 with two shots and im-
proves slightly with three and four shots, reaching 0.6263 and 0.6062, respectively. It then
drops at five shots to 0.5974, before increasing again at six shots and reaching its highest
value at seven shots with 0.6517. After that, performance declines at eight and nine shots,
with nine shots producing the lowest score (0.5573). Compared with the 10-shot setting
(0.6300), the 7-shot configuration performs better. Similar results were shown from the
causal-marker presence with best performance was with six-shot examples. In the cause
category attribute, the results show best performance with 10-shot examples. Figure 4
shows a summary of these values for the classification tasks.

In the case of text marching, the results are also inconsistent. For cause span text
matching, the best performance was obtained with two-shot examples. Other performance
results did not show much variation. For the causal marker text matching, the best per-
formance was obtained though 10-shot examples with similar performance with 7-shot
examples. Figure 5 shows the results of the experiments for text-matching tasks.
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Figure 4. Gemini few-shot performance across 2-10-shot settings for classification tasks. The green
color in each classification task shows the number of shots with best performance.
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Figure 5. Gemini few-shot performance across 2-10-shot settings for text-matching tasks. The green
color in each text-matching task shows the number of shots with best performance.

4.3.4. Comparison Between GPT-4.1-Mini and Gemini-2.5-Flash

The final LLM comparison examines differences between GPT-4.1-mini and Gemini-
2.5-flash across all prompting configurations and processing modes. This comparison is in-
tended to assess whether one model produced more accurate, stable, or consistently struc-
tured annotations than the other.

The comparison will consider classification performance, span-extraction quality,
causal-marker identification, sensitivity to few-shot example composition, and robustness
under batch processing.

The strongest overall configuration was Gemini-2.5-flash with E1 natural 10-shot ex-
amples under single-tweet processing. This setting achieved the best overall performance
across cause-presence detection, cause-span extraction, and causal marker text matching.
However, for cause-category classification specifically, the best result was obtained by
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Gemini E2 balanced 10-shot, suggesting that balanced examples improved the model’s
handling of fine-grained and imbalanced category labels. Table 14 summarizes the results.

Table 14. LLM comparison results across prompting configurations and processing modes.

Task

Metric Values

Cause Presence

Accuracy 0.767; Macro Precision 0.630; Macro-F1 0.634; Weighted-F1 0.771

Cause Category Accuracy 0.739; Macro Precision 0.218; Macro-F1 0.241; Weighted-F1 0.724

Causal-Marker Presence Accuracy 0.877; Macro Precision 0.619; Macro-F1 0.569; Weighted-F1 0.856
Cause Span Text Matching Exact Match 0.711; Average Token Overlap 0.721
Causal Marker Text Matching Exact Match 0.871; Average Token Overlap 0.871

One important exception: for cause category macro-F1, the best value was not Gemini
E1. It was Gemini E2 Balanced 10-shot, with: accuracy 0.626; macro precision 0.410; macro-
F10.417; weighted-F1 0.678.

4.4. Summary of Quantitative Findings

This subsection summarizes the main findings across the two modeling paradigms
evaluated in this study. The comparison is organized in three parts: first, the performance
of the fine-tuned BERT-based models is compared; second, the LLM-based results are sum-
marized by comparing Gemini-2.5-flash and GPT-4.1-mini; and finally, the BERT-based
and LLM-based approaches are compared more broadly.

The fine-tuned BERT-based results show that SaudiBERT generally provided stronger
performance than AraBERT, particularly when macro-level and minority-class perfor-
mance are considered. SaudiBERT was more effective in identifying tweets where a cause
was actually expressed. It achieved a higher recall for the cause-present class (0.4615) than
AraBERT (0.3385), as well as a higher cause-present F1-score (0.3390 compared with 0.2993).
SaudiBERT also achieved a higher macro-F1-score (0.6417) than AraBERT (0.6256).

For explicit/implicit causality classification, SaudiBERT clearly outperformed AraBERT.
SaudiBERT achieved an accuracy of 0.7246 and a macro-F1-score of 0.7237, compared with
AraBERT's accuracy of 0.6812 and macro-F1 of 0.6795. The improvement was observed for
both classes. For implicit causality, SaudiBERT achieved an F1-score of 0.7077, compared
with 0.6562 for AraBERT. For explicit causality, SaudiBERT achieved an F1-score of 0.7397,
compared with 0.7027 for AraBERT.

The LLM-based experiments compared GPT and Gemini across prompting configura-
tions and processing modes. This comparison considered classification performance, span-
extraction quality, causal-marker identification, sensitivity to few-shot example selection,
and robustness under batch versus single-tweet processing.

Across the LLM experiments, Gemini produced the strongest overall results. The best
overall configuration was Gemini with E1 natural 10-shot examples under single-tweet pro-
cessing. This setting achieved the strongest combined performance across several tasks, in-
cluding cause-presence detection, cause-span extraction, and causal marker text matching.

Under this configuration, Gemini achieved 0.767 accuracy and 0.634 macro-F1. For
causal-marker presence, it achieved 0.877 accuracy and 0.569 macro-F1. The same setting
also performed well on text-span tasks, achieving 0.711 exact match and 0.721 average
token overlap for cause span text matching, and 0.871 exact match and 0.871 average token
overlap for causal marker text matching.

However, explicit/implicit classification showed a different pattern. Although Gemini
E1 natural 10-shot achieved an accuracy of 0.739, its macro-F1 was relatively low (0.241),
indicating continued difficulty with imbalanced and fine-grained category labels. The best
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macro-F1 for explicit/implicit classification was instead achieved by Gemini E2 balanced
10-shot, with 0.626 accuracy and 0.417 macro-F1.

Comparing the results of SaudiBERT and Gemini based on the classification tasks,
for cause-presence detection, SaudiBERT achieved a higher accuracy (0.8975) than the
strongest LLM configuration reported for this task (0.767 for Gemini E1 natural 10-shot).
SaudiBERT also achieved a slightly higher macro-F1-score (0.6417) compared with Gem-
ini’s 0.634.

5. Discussion
5.1. Quantitative Results of BERTs and LLMs

Prior work has shown strong performance for deep-learning models on explicit with
reported macro-F1-scores reaching approximately 0.88-0.89 for BERT-based causal/non-
causal classification, while token-level extraction models such as SpanBERT and Distil-
BERT have achieved macro-F1 values up to 0.89 [10]. In contrast, the present results were
lower, particularly for cause-presence detection and cause-category classification. For ex-
ample, SaudiBERT achieved a macro-F1 of 0.6417 for cause-presence detection, while the
strongest LLM setting achieved a macro-F1 of 0.634 on the same task. This difference
is likely explained by the nature of the dataset: unlike benchmark corpora, the present
study focuses on informal Saudi dialect tweets, where causal meanings are often implicit
and short. Tasks involving clearer classification boundaries, such as cause-presence detec-
tion and causal-marker presence, generally produced stronger results than fine-grained
cause-category classification (explicit vs. implicit). This was especially evident in the low
macro-F1-scores for the cause-category task, where category imbalance and semantic over-
lap between reasons likely made classification more difficult. In contrast, tasks involving
explicit markers were comparatively easier, particularly when the model could rely on
visible causal signals in the text. However, the results also show that causal reasoning in
informal Arabic social media data cannot be reduced to explicit connectives alone. Many
tweets expressed causality indirectly through context or implied motivations, which makes
implicit causal reasoning a central challenge.

This challenge is particularly important in Arabic. Compared with prior Arabic
causality studies that focused on explicit MSA causality using rule-based or morphology-
based methods [2,14], the present results show that dialectal causality is more difficult
because causal meaning is often not always signaled by clear connectives. This helps
explain why causal-marker detection was more stable than implicit cause interpretation.
These systems often achieve high precision, usually above 80%, but lower recall. The
present dataset differs from this setting because it contains informal Saudi dialectal tweets,
where causal meanings may be expressed through colloquial wording. This partly explains
why explicit-marker detection was more stable than cause-category classification and why
dialect-specialized modeling with SaudiBERT was beneficial.

The comparison between SaudiBERT and AraBERT supports this point. Although
AraBERT achieved slightly higher overall accuracy in cause-presence detection, SaudiB-
ERT performed better on the analytically important minority class, namely tweets where
a cause was expressed. SaudiBERT achieved higher recall and F1-score for the cause-
present class, as well as a higher macro-F1-score overall. It also outperformed AraBERT
in explicit/implicit classification. SaudiBERT appears better able to capture implicit causal
expressions that may be less represented in AraBERT, which was trained on MSA. This
finding is consistent with the motivation behind SaudiBERT [8], which shows the impor-
tance of dialect-specific pretraining for Saudi Arabic NLP. However, the present study
extends this line of work from general dialectal classification tasks to event-conditioned
causal interpretation.
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At the same time, the BERT results show the limits of supervised classification mod-
els in this study. The BERT-based models were effective for predefined classification tasks,
but they were not used for span extraction because the experimental setup treated them as
sequence classifiers. Applying BERT to cause-span extraction or causal marker text extrac-
tion would require a different architecture and annotation format. This would also require
a separate evaluation pipeline. In contrast, the LLMs were able to perform both classifica-
tion and free-text span identification through prompting, which make them more flexible
across task types.

The LLM results show both the promise and instability of prompting-based causal-
ity extraction. Recent studies have examined LLMs for causal reasoning tasks without
task-specific supervision. Prior studies found that instruction-based (zero-shot vs. few-
shot) and chain-of-thought (step-wise vs. multi-task) prompting can affect causal infer-
ence [15,16]. This pattern was also observed in the present study: Gemini-2.5-flash pro-
duced the strongest overall LLM performance, particularly under the E1 natural 10-shot
single-tweet configuration. This setting performed well for cause-presence detection,
cause-span extraction, causal-marker presence, and causal marker text matching. How-
ever, cause-category (explicit vs. implicit) classification remained difficult. The best macro-
F1 for cause category was obtained not by the strongest overall configuration, but by the
E2 balanced 10-shot setting. This may be attributed to the balanced examples, which could
have helped the model better recognize underrepresented categories, although the over-
all accuracy decreased. While few-shot settings improved the performance, this was not
entirely significant. The improvement was minimal and could be disregarded. These find-
ings are also consistent with recent Arabic NLP studies showing the growing use of zero-
shot and prompt-based LLM methods for classification tasks [10,19]. However, unlike
these studies, the present work focuses on causality extraction, which adds another layer
of complexity.

The comparison between zero-shot, step-wise, and few-shot prompting further sug-
gests that more structured prompting does not automatically lead to better results. Al-
though step-wise prompting was intended to decompose the annotation process into sim-
pler stages, the results indicate that separating the task into sequential prompts did not
improve extraction accuracy. One likely explanation is error propagation: if the model
made an incorrect decision in an early step, such as failing to detect a cause, later steps
such as span extraction or category classification were affected. Therefore, it can be con-
cluded that step-wise prompting can introduce additional inconsistency.

Overall, the findings suggest a trade-off between BERT-based classification and LLM-
based prompting. SaudiBERT performed better for supervised classification, particularly
when macro-F1 and minority-class recall were important. In contrast, LLMs were more
flexible for both classification and span extraction, but their performance was more sensi-
tive to prompt design.

These findings should be interpreted within the scope of the present dataset and ex-
perimental design. The results reflect Saudi-dialect Twitter data. Broader generalization
to other Arabic dialects, genres, or causal extraction settings requires further evaluation.

5.2. Qualitative Interpretation of LLMs Output

To complement the quantitative evaluation, a qualitative analysis was conducted to
examine how Gemini and ChatGPT behaved under zero-shot prompting. The qualitative
observations were organized into five main areas of concern:
1.  Prediction stability across repeated and reformulated tweets.
2. Cause presence errors and downstream error propagation.
3. Span boundary variation in causal text extraction.
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4.  Cause category confusion and schema violations.
5. Linguistic/dialectal challenges and causal marker extraction.

The first area concerns prediction stability across repeated and reformulated tweets.
In several cases, highly similar tweets received different labels for cause expressed, with
some instances labeled as yes and others as no. This inconsistency was observed in the
outputs of both Gemini and ChatGPT. At the same time, the models showed some ability
to recognize reformulated ideas. For example, when a non-causal tweet was repeated in
several different forms, both models consistently labeled the reformulated versions as no
for causal presence. This suggests that the models were not relying only on exact wording
and could sometimes identify equivalent meanings across different formulations. How-
ever, this stability was weaker when the reformulated tweets contained causal meaning.
In such cases, changes in wording sometimes confused the models and led to incorrect
labeling across all labels.

The second area relates to cause presence errors and downstream error propagation.
In several cases where the correct gold label for cause expressed was no, the models in-
correctly predicted yes. Once this initial error occurred, the models often proceeded to
generate additional incorrect annotations. This pattern was observed in both Gemini and
ChatGPT and shows that cause-presence detection functions as a gatekeeping task in the
annotation process. When the model incorrectly identifies a tweet as causal, the error is
likely to propagate to the remaining subtasks.

The third area concerns span boundary variation in causal text extraction. The qualita-
tive review showed that model-generated causal spans often differed from the gold anno-
tations in length and boundary selection. In many cases, the models captured the general
causal meaning but extracted either more or fewer words than the human annotator. The
most common pattern was span expansion, where the model included extra surrounding
context in addition to the core cause. In other cases, the model extracted only part of the
intended cause, resulting in a reduced span. These observations help explain why exact-
match scores alone may underestimate model performance for span extraction. A predic-
tion may fail to match the gold span exactly while still capturing the main causal meaning.
Therefore, partial-matching measures are important for evaluating causal span extraction.

The fourth area includes cause category confusion and schema violations. Overall,
both models were able to assign many tweets to reasonable broad cause categories. How-
ever, several errors were observed. A recurring issue was the failure to distinguish be-
tween medical condition and well-being. Although some tweets were labeled in the gold
standard as well-being-related causes, the models did not assign the well-being category
to any of the tweets. Instead, these cases were consistently classified as medical conditions.
This means that the models interpreted well-being-related expressions as direct medical
conditions and were not successful in separating physical illness from broader well-being
explanations. In addition, both models occasionally assigned categories outside the prede-
fined label set. These hallucinated labels indicate a failure to fully follow the annotation
schema in the zero-shot setting.

The fifth area relates to linguistic/dialectal challenges and causal marker extraction.
Some errors appeared to result from the models’ difficulty in interpreting informal Arabic,
especially when the dialectal expression was not a common or easily recognizable Saudi
form. This is a challenge of applying general-purpose LLMs to dialectal social media text.
Causal marker extraction was also affected by the rarity of explicit causality in the dataset.
Since explicit causal markers appeared in only a minority of tweets, the models had rela-
tively few clear linguistic cues to rely on. For the cases where a causal marker was present,
Gemini was generally more successful in extracting the correct marker and showed closer
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alignment with the gold standard. ChatGPT was less consistent in this task and sometimes
produced words that were not causal markers.

Overall, the qualitative findings show that both Gemini and ChatGPT were capable
of identifying many causal meanings in the tweets, particularly when the cause was ex-
plicit or clearly expressed. However, their outputs were affected by inconsistency across
repeated and reformulated tweets, false positive cause detection, downstream error prop-
agation, span boundary mismatch, category confusion, hallucinated labels, dialectal mis-
understanding, and causal marker extraction errors. These findings help explain the quan-
titative results and support the use of both exact-match and partial-match measures when
evaluating causal information extraction from informal Arabic social media text.

Together, these observations point to a broader set of qualitative concerns that can
guide the interpretation of LLM-based annotation results. These concerns can be general-
ized into five categories:

1.  Consistency: referring to whether models produce stable annotations across repeated
or reformulated inputs;

2. Task dependency, referring to how errors in one annotation decision affect subsequent
outputs;

3. Extraction granularity, referring to differences between model and human span
boundaries;

4.  Label interpretation, referring to confusion between overlapping categories or failure
to follow the predefined schema; and

5. Linguistic sensitivity, referring to the model’s ability to handle dialectal variation and
implicit meanings.

6. Conclusions

This study shows that causality extraction in dialectal Arabic social media text re-
quires models that can handle both linguistic variation and implicit causal meaning. The
work addressed both classification and text-span identification tasks. The findings con-
tribute to the broader literature on causality extraction by examining causal-reason annota-
tion in a relatively underexplored setting which is informal Saudi Arabic social media text.

The results show that dialect-specific pretraining matters: SaudiBERT was more ef-
fective than AraBERT when minority-class and macro-level performance were prioritized.
These findings suggest that Arabic causality extraction should move beyond explicit con-
nective detection and MSA-focused resources toward dialect-trained models that can cap-
ture implicit reasons in informal text.

The LLM results show that prompting can extend causality extraction beyond classi-
fication to span and marker identification, but this flexibility comes with reduced stability
and greater sensitivity to prompt design.

Possible directions for future work would be to combine the strengths of both ap-
proaches. For example, dialect-specific transformer models could be used for robust clas-
sification, while LLMs could support span proposal, explanation generation, or weak su-
pervision. Future work could also explore token-level fine-tuning of SaudiBERT for cause-
span and causal-marker extraction, allowing a more direct comparison between BERT-
based and LLM-based approaches across all subtasks. In addition, repeated-run experi-
ments over the full test set would provide a more comprehensive assessment of LLM pre-
diction stability across prompting conditions. Expanding the dataset and improving the
representation of minority cause categories would also support more reliable evaluation
of causal interpretation.
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Appendix A. Prompting Templates

The following prompt templates were employed for LLM evaluation. Prompts were
issued in English for control and consistency. All prompts explicitly stated that the sick-
leave effect was implied by the hashtag and did not require extraction.

Appendix A.1. Structured Multi-Task Prompt

System Instruction:

You will be given a tweet written in Saudi dialect Arabic. The presence of a sick-leave-
related hashtag means that the user intends to obtain a sick-leave. Your task is to analyze
the tweet text.

Tweet:

[insert tweet text here]

Please perform the following tasks:

1. Decide whether the tweet expresses a cause for requesting the sick-leave. Answer
“Yes” or “No”.

2. If Yes, copy the exact text span that expresses the cause.

3. Assign the cause to one general category from the following list:

Health/illness/medical condition

Psychological or emotional well-being
Caregiving/responsibility for another person
Lifestyle/social/entertainment/personal activity

OO0 O O0O0

General/other/not clearly specified

4. Decide whether the causality is explicit (a causal word is used) or implicit (implied
without a causal word).

5. If explicit, identify the causal marker used (for example: “cuw”, “Olile”, “(lic”, “IS
(lie”, or similar).
Return the output in the following JSON structure:
{

“cause_present”: Yes/No,

v, u ”

“cause_span”: “...”,
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.o ”

“cause_category”: “...”,
“causality_type”: Explicit/Implicit,

]

“causal_marker”: “..

}

If no cause is expressed, set all other fields to null.

Appendix A.2. Step-Wise Prompting Strategy

Step 1: Cause-Relation Detection

Instruction:

You will be given a tweet written in Saudi dialect Arabic. The hashtag means the
user intends to obtain a sick-leave. Decide whether the tweet expresses a cause for this
sick-leave request.

Tweet:

[insert tweet text]

Answer only with “Yes” or “No”.

Step 2: Cause-Span Extraction (if Yes)

Instruction:

The tweet expresses a cause for requesting a sick-leave. Copy the exact text span that
expresses the cause.

Tweet:

[insert tweet text]

Step 3: Cause-Category Classification
Instruction:
Assign the cause to one of the following general categories:

Health/illness/medical condition

Psychological or emotional well-being
Caregiving/responsibility for another person
Lifestyle/social/entertainment/personal activity

General/other/not clearly specified

Output only the category label.

Step 4: Causal-Marker Identification

Instruction:

Decide whether the cause is expressed using an explicit causal marker (for example:
YIS e, M, “glse”, “lile” ) or similar).

If explicit, name the marker.
If implicit, answer “Implicit”.
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