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Abstract—Accurate sentiment analysis in Arabic natural lan-
guage processing (NLP) remains a complex task due to the
language’s rich morphology, syntactic variability, and diverse di-
alects. Traditional annotation approaches require human experts,
face significant challenges related to inter-annotator agreement
and dialectal understanding. Recent advances in transformer-
based models and large language models (LLMs) offer new
techniques to generate annotations. This paper presents a com-
parative evaluation of three sentiment annotation strategies
applied to Saudi dialect tweets: human expert labeling, fine-
tuned transformer models (specifically CAMeLBERT-DA), and
zero-shot inference using GPT-40. The selected CAMeLBERT-
DA which is already trained specifically for Arabic sentiment
tasks and dialects, demonstrates robust performance with fast,
scalable predictions. On the other hand, the selected GPT-40
shows competitive zero-shot accuracy without fine-tuning, making
it a practical solution for real-time applications. We investigate
how each approach performs on two datasets, both of more
than 4,000 Saudi tweets covering a wide spectrum of dialects
and sentiment expressions. Our methodology involves analyz-
ing consistency across annotations using inter-rater agreement
metrics such as Cohen’s Kappa, Pearson correlation, and class-
specific agreement rates. The results reveal that while human
annotations capture cultural and context subtleties, they suffer
from inconsistency, particularly in ambiguous or dialect-specific
cases. This study contributes to the growing body of work on
annotation methodologies by highlighting the strengths and lim-
itations of both human and Al-based annotators in Arabic NLP.
Our findings suggest that the zero-shot use of domain-specific
transformers like CAMeLBERT-DA with general-purpose LLMs
such as GPT-40 have a moderate correlation compared to actual
human annotators. The paper concludes with recommendations
for building reliable ground truth datasets and integrating AI-
assisted labeling into Arabic NLP tasks.
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I. INTRODUCTION

The rapid advancement of large language models (LLMs)
has transformed natural language processing (NLP) across
multiple languages, including Arabic. Despite this progress,
Arabic remains underrepresented and presents unique chal-
lenges due to its complex morphology, diglossia (the co-
existence of Modern Standard Arabic and diverse dialects),
and wide regional variation [1] and [2]. These linguistic
characteristics make high-quality annotation for Arabic NLP
tasks particularly demanding. The worldwide use and ex-
change of data with diverse platforms facilitate large-scale

interactions between individuals. This resulted in a volume
of text data where NLP plays a critical role in the future
of smart applications. The advancement in NLP techniques
helps to maintain and analyze such a volume of text data to
extract meaningful decisions similar to humans’ processing in
areas like machine translation, text summarization, question
answering, and sentiment analysis.

Manual annotation by expert linguists is often considered
the gold standard for creating reliable datasets. However, this
process is resource-intensive, time-consuming, and difficult to
scale—especially when applied to informal and diverse content
like social media. In recent years, researchers have turned
to large language models (LLMs), such as OpenAl’'s GPT
series for different tasks in NLP, such as sentiment analysis
and machine translation [3], GPTs have a potential solution
to reduce the burden of manual annotation. These models,
particularly in zero-shot and few-shot settings, have shown
remarkable success in performing NLP tasks without domain-
specific training, raising questions about their reliability as
annotation tools.

In the context of Arabic NLP, the utility of LLMs for
sentiment analysis and dialect-sensitive tasks has not been
comprehensively evaluated. Additionally, there is a need to
benchmark the quality of their outputs against those produced
by human annotators. This is particularly crucial when LLMs
are used to process social media data, where language use
tends to be informal, ambiguous, and culturally nuanced [4].

This study investigates the effectiveness of zero-shot GPT-
40 in predicting Arabic sentiment analysis and fine-tuned
transformer models (e.g., CAMeLBERT-DA) ability compared
to human expert annotations. We aim to explore the validity
and practical trade-offs of each annotation methodology.

The research is guided by the following questions:

e How do GPT-40 and CAMeLBERT-DA perform in
zero-shot sentiment classification of Saudi dialect
tweets compared to human annotation?

e How do annotation metrics differ in terms of agree-
ment and correlation for real-world Arabic dialect
social media datasets?

By addressing these questions, the study contributes to the
growing body of research on efficient informed annotation
practices in low-resource and linguistically diverse settings
such as Arabic NLP.
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A. Literature Review

Recent studies have highlighted several research gaps in
this domain. Notably, there is a lack of thorough investigation
of the annotation quality produced by LLMs for Arabic NLP
tasks, particularly across different dialects and task types.
While some work has benchmarked LLM performance against
traditional models [5]. In addition, few have directly compared
LLM-generated labels to human-annotated gold standards in
Arabic and examined sources of error in LLM-generated
annotations and transformers, as well as where they diverge
most from human judgments.

B. Annotation Challenges in Arabic NLP

Arabic presents unique annotation challenges in NLP due
to its morphological complexity, rich syntax, and multiple di-
alects that deviate significantly from Modern Standard Arabic
(MSA) [6]. Arabic is a polyglossic language comprising Mod-
ern Standard Arabic (MSA) and numerous regional dialects.
These dialects differ significantly in phonology, morphol-
ogy, lexicon, and syntax, making unified dataset construction
particularly difficult [7]. Annotators must often be familiar
with both MSA and dialectal varieties to accurately label
sentiment, intent, or named entities, especially when working
with informal texts like tweets or online forums.

Another key challenge lies in the scarcity of large-scale,
publicly available annotated datasets. Unlike English, where
benchmarks like GLUE and SuperGLUE have standardized
evaluation protocols, Arabic NLP still suffers from fragmented
resources [8]. Many datasets are restricted to specific genres
such as news propaganda, limiting their utility in social or
conversational contexts on X [9].

Moreover, the presence of ambiguous structures, mixed-
code usage (e.g., Arabic-English), and sarcasm prevalent in
social media further complicate the annotation process. These
linguistic phenomena require not only syntactic understanding
but also pragmatic and cultural awareness. Thus, high inter-
annotator agreement is difficult to achieve, particularly when
annotations are conducted by non-experts [10].

Another major challenge is the high-quality annotated
datasets in Arabic. Many Arabic NLP tasks — from hate speech
detection to sentiment analysis suffer from trust labeled data,
especially compared to English [11]. This is partly due to
the labor-intensive nature of creating Arabic corpora: manual
annotation is time-consuming, expensive, and often requires
domain or dialect experts. The process can be prone to incon-
sistencies as well; human annotators sometimes disagree on
labels for complex or ambiguous texts, introducing variability
into the dataset. Arabic’s writing system (e.g. omission of short
vowels) and extensive morphological ambiguity can further
complicate annotation, since the correct interpretation of a
word or sentence may rely on context or annotator intuition.
In tasks like offensive language detection, the lack of diacritics
and the prevalence of informal expressions make it hard for
annotators to determine intent or meaning without context [12].
Authors in study [13] have presented blockchain technology
to generate a wide trust annotated dataset by crowdsourcing
applications that are based on blockchain structures.

In summary, the literature indicates that Arabic NLP faces
persistent annotation challenges: scarcity of labeled data, di-
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alect and domain mismatches between annotators and content,
and the inherent linguistic complexity of Arabic. These issues
need careful dataset design (with clear guidelines and train-
ing for annotators) and innovative approaches to support or
complement human annotators, as we explore in subsequent
sections.

C. Transformer and GPT Models for Arabic NLP

In response to these limitations, large language models
(LLMs) have emerged as a promising alternative to manual
annotation. Transformer-based models such as BERT [14] and
T5 [15] have been adapted for Arabic via pretraining on Arabic
corpora.

Transformer-based models have revolutionized Arabic
NLP. Initial efforts like AraBERT and Arabic-BERT demon-
strated strong performance gains by pretraining on large Arabic
corpora [16], [17]. Later, MARBERT and ARBERT incorpo-
rated dialectal Arabic into their training to improve gener-
alization across informal text [6]. These models consistently
outperformed multilingual baselines on downstream tasks.

Notably, CAMeLBERT-DA [18] was trained on the
CAMeL Lab’s extensive Arabic text collections and fine-tuned
for dialectal sentiment classification, showing state-of-the-art
performance on multiple downstream tasks.

Meanwhile, multilingual and instruction-tuned models like
mT5 [19] and XGLM [20] have shown competence in zero-
shot tasks. These models, though not Arabic-specific, benefit
from broad cross-lingual transfer. However, they still underper-
form on dialectal Arabic unless further adapted or fine-tuned.

With the release of ChatGPT and the GPT-4 series [21],
zero-shot and few-shot prompting has gained traction. These
models exhibit impressive ability to generalize across tasks,
offering a practical solution for rapid annotation. However,
their performance in Arabic sentiment annotation is still un-
derexplored, especially in informal settings. Recent work by
Khalifa et al. [22] highlighted that GPT-4 can approximate
expert annotation on formal Arabic , but may struggle with
dialectal variation and ambiguous expressions.

Transformer models have not been limited to encoders.
Researchers also explored generative transformers for Arabic.
For instance, an AraGPT2 model (an Arabic version of GPT-
2) was developed as a language generator [23]. AraGPT2
has been used alongside BERT models in hybrid systems;
one study combined CAMeLBERT (encoder) with AraGPT2
(generator) in an ensemble, achieving superior accuracy on
an Arabic text classification task. However, compared to the
proliferation of Arabic BERT models, generative pre-trained
transformers dedicated to Arabic are fewer. This is changing
with the rise of massive multilingual models like GPT-3 and
GPT-4, which, despite not being Arabic-specific, are trained
on enough Arabic text to demonstrate impressive capabilities
in the language. These GPT-series models can perform Arabic
tasks in a zero-shot or few-shot manner — a fundamentally
different paradigm from task-specific fine-tuning. Researchers
have been keen to evaluate how well such models handle
Arabic understanding and generation.

In a comprehensive evaluation across 60+ Arabic NLP
benchmarks, Khondaker et al. found that ChatGPT’s zero-
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shot accuracy was consistently lower than that of dedicated
Arabic models on tasks like text classification, NER, and QA
[24]. These models enable broader experimentation in Arabic
NLP, but challenges remain in understanding their bias and
limitations across dialects and domains. These findings suggest
that while large GPT-style models are very powerful, Arabic-
specific adaptation (through fine-tuning or prompting tech-
niques) remains important for top performance. Nevertheless,
the convenience of prompting an LLM without needing task-
specific training is highly attractive, particularly for addressing
the data scarcity issue. This has led to explorations of using
GPT models as annotation tools, which we discuss in this
research.

D. Hybrid Annotation Approaches

Hybrid annotation workflows are a growing area of interest.
In this approach, LLMs generate initial labels that are then
validated or corrected by human experts. Studies in English
NLP [25] show this reduces cost and improves consistency.
This framework remains under-investigated in Arabic NLP,
despite its potential for scalable, culturally sensitive annotation.
There is a pressing need for empirical studies that evaluate
such workflows across diverse dialects, task types, and prompt
strategies. One approach is to use LLMs to generate initial
labels or data, which are then verified by humans. For example,
Senator et al. employed ChatGPT to perform semantic role
labeling (SRL) on Arabic texts. In their study, ChatGPT was
prompted to assign semantic role tags to Arabic sentences
(including emotional text), effectively acting as an annotator.
Remarkably, in a cross-lingual setting — projecting English
SRL annotations onto Arabic via ChatGPT’s translation —
then LLM achieved about 94% accuracy, approaching human
quality [26].

In conclusion, the period 2020-2025 has seen rapid
progress in both Arabic-specific NLP models and the use
of large generative models, and the capabilities lie in com-
bining these advances to develop robust, efficient annotation
methodologies that leverage the best of human and machine
intelligence. The literature review suggests that while LLMs
offer valuable annotation support, their optimal use in Arabic
NLP requires deeper investigation into prompt engineering,
dialect adaptation, and comparison with human oversight. This
study builds on these insights by systematically comparing
human annotations, CAMeLBERT-DA predictions, and GPT-
40 zero-shot outputs on Arabic tweets.

II. METHODOLOGY AND EXPERIMENTAL SETUP

This study explores whether AI models with zero-shot
strategies can be used to build the ground truth. It also
compares the results using the Cohen Kappa metric and the
Pearson correlation coefficient. The analysis of humans vs. Al
models in NLP tasks, specifically sentiment analysis, using two
Saudi dialect datasets. Fig. 1 illustrates the steps in the general
methodology.

A. Datasets

The following is a description of the datasets included in
this study’s experiments:
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Fig. 1. Methodology overview.

1) SDCT: Multi-Dialects Corpus Classification for Saudi
Tweets in [27]. It is dedicated to Saudi dialects. The data
are from the X platform, as it is a rich source of data
for short posts to be collected. The authors performed the
pre-processing phases that involved main tasks, which are
data cleaning and normalization. After data collection and
pre-processing, the data were manually annotated by human
experts with a total of 4181 records. In this study, we used
the version that had removed advertisement tweets in the data
cleaning phase. Also, it is prepared by removing links (http://),
mentions (@Username), retweets, hashtags, and punctuation.
While emojis were kept to enrich the sentiment detection.

2) Th-SAC: Topic-based and Sentiment Classification for
Saudi Dialects Tweets. It is extracted from corpora from X, es-
pecially from Saudi dialects. The corpus contains 4301 tweets,
which are labeled based on sentiments using a common scale:
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positive, negative, and neutral. First, preprocessing step by
removing all the noise data in the tweets that were not related,
such as mentions, hashtags, URLs, white space, retweets,
punctuation marks, and redundant tweets. In the second step,
normalization is the process of standardizing the form of some
Arabic letters that have various shapes to be unified in one,
but maintain the same meaning. The dataset was normalized
by applying the Tashaphyne library and lemmatization. Emojis
here are also removed; only the root words text was kept [28].

B. Models Selection

Based on the NLP task included in the experiment,
which is sentiment analysis, the models used are selected.
The selected transformer models have two criteria: fine-
tuned and have achieved high accuracy in the domain of
short tweets. And they consider recent research and bench-
marks in the Arabic NLP tasks. The Table I below sum-
marizes the top Arabic transformer models for sentiment
analysis, dialect identification, which can be used (either
as zero-shot classifiers or pre-trained fine-tuned models).
All models are available on Hugging Face (HF). We high-
light whether each supports zero-shot use or is a fine-
tuned classifier, provide benchmark accuracy/F1 notes, and
explain why it’s recommended. CAMeL Lab’s CAMeLBERT-
DA Sentiment Analysis model, fine-tuned for Arabic sen-
timent classification (positive/negative). This model handles
Modern Standard Arabic and dialectal content, as it was
trained on diverse Twitter datasets (ASTD, ArSAS, SemEval).
(Hugging Face: https://huggingface.co/CAMeL-Lab/bert-base-
arabic-camelbert-da-sentiment) CAMeLBERT is a collection
of BERT models pre-trained on Arabic texts with different
sizes and variants. the release of pre-trained language models
for Modern Standard Arabic (MSA), dialectal Arabic (DA),
and classical Arabic (CA), in addition to a model pre-trained
on a mix of the three [18]. Table I presents the reasons this
study adopts this transformer, as many works support [29] and
[30].

ChatGPT is an application utilizing the large artificial
intelligence models GPT-3 or GPT-4 to generate text based
on user input. GPT denotes a neural network adept at learning
from extensive datasets to generate natural language outputs.
GPT-4 is characterized as more creative, reliable, and collab-
orative than its predecessor GPT-3 [31] and [32]. The cutting-
edge advancement in LLMs [33], GPT-40 was chosen for
the comparison in the study experiment via an OpenAl API
account for paying customers. It delivers state-of-the-art sen-
timent classification accuracy without dedicated task training,
demonstrating competitive performance against domain-tuned
transformer models. Zero-Shot Versatility and Ease of Use:
GPT-4 is a large pre-trained model that can perform sentiment
analysis without the need for task-specific fine-tuning or large
labeled datasets. Broad Language Understanding & Nuance:
As a massive foundation model, GPT-4 was trained on an
extremely large and diverse corpus (including substantial Ara-
bic content). Table II shows a comparison between the Arabic
transformer CAMeLBERT-DA and the large language model
GPT-4.

Regarding model structure, GPT-4 and CAMeLBERT-DA
have different transformer architectures. GPT-4 (Generative
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Pre-trained Transformer 4) is built as a decoder-only Trans-
former, meaning it generates text by predicting one token after
another (typical for GPT-style models). CAMeLBERT-DA, on
the other hand, is based on BERT, which uses a Transformer
encoder — it reads the entire input sequence bidirectionally
to produce a contextualized representation. In practice, this
means GPT-4 is designed for text generation (and can handle
dialogue or any generative tasks), while CAMeLBERT-DA’s
architecture is designed for understanding text and classifica-
tion (it outputs encoded features that are fed to a classifier
layer) [34] and [35].

C. Evaluation

During the annotation process to build the ground truth
for both datasets, human volunteers were involved. In order
to validate the human opinions of the sentiment and the Al-
generated sentiment, two metrics:

e Inter-model agreement metrics are also used to as-
sess the reliability between annotators. The degree of
agreement indicates how accurate the emotion labels
assigned to the text. The calculation of the Kappa
coefficient and its interpretation were based on the
well-known reliability equations and measurements
presented in [25]. The kappa statistic revealed the
actual reliability of the categorical labels, accounting
for the possibility of random agreement.

e Recent NLP studies have employed Pearson corre-
lation to quantify annotator similarity on sentiment
and emotion tasks. [36]. Pearson’s r is a convenient
metric to assess how consistently they apply the scale.
(Notably, even annotator confidence scores — if each
annotator gives a confidence level for each label.

In summary, Pearson correlation is very useful when treat-
ing labels as interval data — it captures how well annotators’
scoring trends align — but it should be paired with traditional
inter-rater agreement metrics to fully evaluate agreement on
the actual labels and to ensure that high correlation indeed
reflects reliable, reproducible annotation.

D. Results and Discussion

The experiment here went through the zero-shot settings
for both models compared to the human annotators.

1) Generating sentiment using CAMeLBERT-DA trans-
former: First, using zero-shot and direct inference of the
CAMeLBERT transformer to predict the sentiment for datasetl
and dataset2, in Hugging Face [37].

We need to explore the labels produced using the
transformer-based model and those in the ground truth by
human experts. A detailed comparison from Fig. 2 , the actual
sentiment distribution is: negative: 901 (21.5%), neutral: 2506
(59.9%) and positive: 774 (18.5%). on the other hand, Pre-
dicted Sentiment Distribution by the transformer was negative:
2607 (62.4%), neutral: 601 (14.4%), and positive: 973 (23.3%).
The inter-agreement using Cohen’s Kappa Score: 0.2130,
while the Pearson Correlation: 0.437. This indicates “fair
agreement” between the actual and predicted sentiments. The
score suggests that the prediction model performs better than
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TABLE I. COMPARISON OF CAMELBERT-DA WITH OTHER ARABIC TRANSFORMERS FOR ARABIC SENTIMENT ANALYSIS

Aspect

CAMeLBERT-DA

Arabic TS / MARBERT / Others

Recommendation

Accuracy on Arabic
Tweets

"92-93% accuracy on ArSAS, ASTD, and
SemEval; fine-tuned on multiple Arabic
tweet datasets

MARBERT: competitive but slightly
lower; Arabic T5 not specialized or
benchmarked for sentiment on tweets

CAMEeLBERT-DA outperforms or matches
best models due to targeted fine-tuning on
diverse tweet datasets

Real-Time Inference
Speed

BERT-base encoder model (110M
params); efficient for batch and streaming
inference

Arabic T5: large encoder—decoder; slower
generation; MARBERT: similar size but
more general-purpose

CAMEeLBERT-DA offers faster, lower-latency
inference than T5-like models; ideal for live
tweet analysis

Suitability for Tweets

Pretrained on MSA + Dialectal Arabic +
social media text; robust to slang, emojis,
informal spelling

Arabic T5 trained more on formal MSA
and QA-style tasks; MARBERT strong on
dialects but not sentiment-specific

CAMeLBERT-DA is dialect-aware, slang-
aware, and sentiment-optimized—making it
perfect for social content

TABLE II. COMPARISON BETWEEN GPT-4 (CHATGPT) AND CAMELBERT-DA FOR ARABIC SENTIMENT ANALYSIS

Aspect GPT-4 (ChatGPT)

CAMeLBERT-DA (Arabic BERT)

Model Type

Large Language Model (LLM); generative, decoder-only
transformer; predicts next tokens (autoregressive).

Pretrained BERT-base encoder; bidirectional transformer
trained for understanding Arabic. Fine-tuned for classification.

Scale (Parameters)

data including Arabic.

Very large (estimated 1T+ tokens and hundreds of billions of
parameters; exact size not disclosed). Trained on multilingual

Base-sized model ( 110M parameters). Pretrained on 5.8B
Arabic words from dialectal, MSA, and classical Arabic
sources.

Pretraining Data
pages). Strong in MSA and general Arabic.

Trained on diverse multilingual web data (books, articles, web

Trained on large-scale Arabic corpora from social media and
diverse dialects (CAMeL Lab).

Fine-Tuning for Sentiment Anal-

Not required. Performs sentiment classification in zero- or few-
ysis shot mode via prompting. No task-specific finetuning.

Required and completed. Fine-tuned on ASTD, ArSAS, and
SemEval datasets. Dedicated sentiment prediction head.

Output Type
Very flexible output.

Text generation. Can provide label and reasoning if prompted.

Class label output (e.g., “positive” / “LABEL_1") with prob-
ability score. Not designed for explanatory responses.

Sentiment Accuracy on Arabic
Tweets
text.

Fl-score =~ 0.75-0.80 (zero- or few-shot). Competitive with
fine-tuned models. Excels in MSA and structured dialectal

Fl-score = 0.72-0.76 (fine-tuned). High accuracy on dialectal
Arabic tweets due to domain-specific tuning.

Zero/Few-Shot Support
Highly flexible.

Native. Easily supports both modes without additional data.

Not applicable. Requires fine-tuning and training on task-
specific data.

Best Use Case

chat, APIs). Great for label and explanation.

Real-time, on-demand analysis in flexible environments (e.g.,

High-throughput classification on Arabic social media data.
Ideal for static datasets with known structure.

random chance, but there’s significant room for improvement.
Correlation: 0.4377 - There’s a moderate positive correlation
between the two columns, indicating some relationship but not
a strong one.

Comparison of Actual vs Counts

TeZa%T
2607

Actual Sentiment

2506 Predicted Sentiment

2500

2000

1500

Count

@33%)
1000 LB 973

(18.5%)
774

(14.4%)
601

negative neutral positive
Sentiment Labels

Fig. 2. Comparison of Humans vs. Predicted sentiment counts: (Datasetl).

Key observations:

e  The actual sentiment data by humans is predominantly
neutral (59.9%), while the predicted model tends to
classify more samples as negative (62.4%)

The model significantly under-predicts neutral senti-
ment (14.4% vs. 59.9% actual)

The model over-predicts negative sentiment (62.4%
vs. 21.5% actual)

Positive sentiment predictions are closer to actual
values (23.3% vs. 18.5%)

The confusion matrix in Fig. 3 shows where the model
struggles most, particularly in correctly identifying neutral sen-
timents, often misclassifying them as negative. This suggests
that positive sentiment is the most clear for humans and Al to
detect and identify.

Now, the experiment of implementing the transformer for
the second dataset. Key observations are found and perfect
Alignment in some cases. The visualization in Fig. 4 shows
that when the model is confident about its predictions, there’s
perfect alignment between feeling and confidence labels. How-
ever, the presence of “unknown” labels for negative sentiments
indicates areas where the model struggles with certainty,
particularly for negative sentiment classification.

Key Insights from the Visualization:

Perfect Prediction Accuracy for positive and neutral
sentiments:

All 2,086 actual positive sentiments were correctly
predicted as positive.
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Confusion Matrix: Actual vs Predicted Sentiment
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[Cohen's Kappa: 0.2130 (Fair Agreement)]

Fig. 3. Confusion matrix of Humans vs. Predicted sentiment labels with
cohen’s kappa score: (Dataset]).

Stacked Bar Chart: Actual Sentiment vs Predicted Sentiment

Predicted Sentiment
negative
neutral
positive
unknown

2000

1750
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1250
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2086
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%,
)
%,
s
%,
8

Actual Sentiment

Fig. 4. Stacked bar chart of humans Sentiment vs. Predicted sentiment:
(Dataset2).

e All 1,275 actual neutral sentiments were correctly
predicted as neutral.

e  Mixed Results for Negative Sentiment: Only 306 out
of 940 actual negative sentiments were correctly pre-
dicted as negative 634 actual negative sentiments were
predicted as “unknown”, indicating model uncertainty.

The transformer here shows high confidence and accuracy
for positive and neutral sentiments but struggles with negative
sentiment classification, often defaulting to “unknown” when
uncertain. The confusion matrix in Fig. 5 shows that the
correlation coefficient between actual humans’ sentiment and
transformer prediction is 0.114, indicating a weak positive
correlation. This suggests that while there is some relationship
between the predicted feelings and confidence labels, it’s not
very strong.

2) GPT-4o0: Using the chosen LLM from OpenAl repre-
sented in GPT-40 in this part of the experiment to validate
the capacity of humans against Al First of all, a clear, direct
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Fig. 5. Confusion matrix of actual Sentiment vs. Predicted sentiment
including unknown class: (Dataset2).

prompt based on Zero-Shot Prompt (No examples provided)
is prepared as follows:

Analyze the following text for sentiment, and respond using
only one of the three words: Positive, Negative, or Neutral.

Text: ‘The service was excellent and very fast.’
Answer:
Positive

We analyzed the agreement of GPT-40 performance against
human judgment for both datasetl and dataset2. Table III
shows the sentiment predicted labels using GPT-40 compared
to human annotators in datasetl. The visualization shows
GPT-40 has fair overall agreement (0.366) with humans but
performs inconsistently across sentiment classes - excellent on
neutral (81.4%), moderate on positive (63.2%), but poor on
negative (39.3%) sentiment.

TABLE III. SENTIMENT ANNOTATION EVALUATION METRICS: GPT-40
VvS. HUMANS (DATASET1)

Metric Value Interpretation
Cohen’s Kappa 0.366 Fair agreement
Overall Agreement 58.0% | Moderate agreement
Pearson Correlation 0.557 Moderate correlation

Negative Agreement | 39.3% | Poor agreement

Neutral Agreement 81.4% | Good agreement

On the other hand, an experiment using the second dataset
was conducted. Table IV Inter-rater Agreement: The Cohen’s
Kappa score of 0.239 indicates a fair agreement between
the human-labeled and the ‘GPT-40’ sentiment classifications.
This suggests that while there is some consistency, a notable
degree of disagreement also exists. Overall Matching Discrep-
ancy: Only 47.22% of the instances showed an exact match in
sentiment labels between the two sources, highlighting a sig-
nificant divergence in their overall classifications. Correlation
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TABLE IV. SENTIMENT ANNOTATION EVALUATION METRICS: GPT-40
Vs HUMANS (DATASET2)

Metric Value
Cohen’s Kappa 0.239
Overall Agreement 47.22

Interpretation

Fair agreement
Poor agreement
Pearson Correlation 0.433 Moderate correlation
Negative Agreement 54.46 Moderate agreement
Neutral Agreement 43.29 Poor agreement

Positive Agreement 45.60 Poor agreement

Strength: A moderate positive correlation (0.45) was observed
between the numerical representations of the actual humans’
feelings and ’GPT-40’ sentiments. This implies a general
tendency for them to align, but not a strong linear relationship.
Sentiment-Specific Consistency: Agreement levels vary across
sentiment categories. Negative sentiment classifications show
the highest specific agreement at 54.46%, suggesting better
consistency for negative cases. Conversely, neutral sentiment
exhibits the lowest specific agreement at 43.29%, indicating
more challenges in aligning neutral classifications.

Finally, observations during the comparisons are as follows:

e  The results show closer opinions of LLMs when the
zero-shot setting is implemented and are more corre-
lated to human experts’ judgments. Transformers tend
to show a moderate correlation with human annotators,
while GPT-40 shows fair agreement. This is due to
the fine-tuning setting of transformers for the specified
domain to adapt the dataset.

e  The efficiency and the cost of time using OpenAl for
developers took 120 minutes to generate sentiment
for every dataset, which counts around 4000 posts
based on Google Colab using a paid account. On
the other hand, the transformer CAMeLBERT-DA
offline pipeline took only 60 seconds to generate the
sentiment. This is because of the broad general use
of LLMs and complexity of models and the number
of parameters compared to the transformer, which is
usually domain-specific.

e  Another observation is the dataset level of preprocess-
ing affects the Al decisions. In other words, during the
experiment, the dataset2 version that had an extra level
of preprocessing via lemmatization and removing all
the emojis reduced the capability of models to detect
the right sentiment, as it provides the lowest inter-
agreement between GPT-40 (0.24) and CAMeLBERT-
DA (0.14).

III. CONCLUSION AND FUTURE WORK

In this research, we compared OpenAl’s GPT-40 model
and transformer-based model against human experts for the
annotation process. The experiments were conducted for NLP
tasks in specific sentiment analysis prediction for Saudi dialect
tweets. The finding revealed a better performance of GPT-
40 against the transformer CAMeLBERT-DA. Inter-agreement
Cohen Kappa was 0.366, indicating fair agreement between
GPT-40 and human annotation for the first dataset, where
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initial preprocessing is conducted without any lemmatization,
and emojis also remain in the text. Notably, datasets with inten-
sive preprocessing produced difficulties in sentiment detection
for transformers. This suggests that transformers and LLMs
require more context to generate sentiment close to humans.
The comparison between the models’ performance and the
human annotation explains that zero-shot manner in this ex-
periment is fair, but not a completely reliable tool to substitute
the human annotation process. For these reasons, sentiment
generation research should investigate the combination of
human crowdsourcing and automatic sentiment generation by
LLMs. Furthermore, a limitation of this study is the lack of
comparison across different Arabic dialects, such as Egyptian,
Gulf, and Maghrebi. Also, in the future, employing few-shot
strategies for LLMs and fine-tuned transformers can be studied
for sentiment tasks and other NLP tasks such as Arabic text
summarization. New evaluation metrics and empirical studies
are critical to increasing reliability and trustworthiness when
zero-shot methods are applied in real-time applications. In
addition, the implications of fairness and bias issues can also
be studied, which are crucial for ethical real-world deployment.
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