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Abstract
This paper describes A2NLP’s system for Subtask B of the StanceNakba Shared Task, which addresses cross-topic
Arabic stance detection. The goal is to classify sentence–topic pairs into pro, against, or neutral labels. We introduce
a topic-conditioned prompting strategy built on AraBERTv0.2-Twitter, where each instance is reformulated into
a structured prompt that explicitly models the interaction between the sentence and its target topic. The model
is trained using 5-fold stratified cross-validation with class-weighted loss to ensure robustness under mild label
imbalance. Our final submission achieves a Macro-F1 score of 0.8483 on the official test set, outperforming the
AraBERTv2 baseline (0.810) and ranking fifth overall. Ablation analysis confirms that topic-conditioned prompting
substantially improves generalization across topics. The findings demonstrate the importance of structured input
design and domain-aligned pretraining for reliable stance detection in dialectal Arabic social media discourse.
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1. Introduction

Understanding public opinion in online discourse
is crucial for social, political, and health-related
decision-making, yet manually tracking nuanced
stances at scale is infeasible. Stance detection
is the automated task of determining whether the
author of a text expresses a position in favor of,
against, or neutral toward a specific subject of in-
terest, commonly referred to as a target (Küçük
and Fazli, 2020; AlDayel and Magdy, 2021). Un-
like sentiment analysis, stance detection is inher-
ently target-dependent and often requires inferring
implicit opinions that are not explicitly stated. This
capability is essential for applications such as so-
cial media monitoring, political analysis, and pub-
lic health surveillance, where nuanced public posi-
tions are critical and traditional survey-based meth-
ods are insufficient (Küçük and Fazli, 2020).

The StanceNakba Shared Task 2026 (Aldous
et al., 2026), co-located with LREC 2026, pro-
vides a challenging benchmark for Arabic stance
detection. In particular, Subtask B focuses on
Cross-Topic Stance Detection, requiring a unified
model capable of predicting stance across multiple
conflict-related topics. This setup reflects realistic
deployment scenarios in which systems must gen-
eralize beyond a single topic and handle emerging
or unseen targets. Arabic, spoken by over 420 mil-
lion people, remains underrepresented in stance
detection research (Guellil et al., 2021; Qu et al.,
2024) and poses unique Natural Language Pro-
cessing (NLP) challenges, including rich morphol-
ogy, extensive dialectal variation, and informal so-
cial media writing with spelling inconsistencies, ab-
breviations, and emojis (Badaro et al., 2019).

Our Team (A2NLP) proposes a prompt-
based AraBERTv0.2-Twitter model for
topic-conditioned Arabic stance detection. Our ap-
proach outperforms the official baseline in terms of
Macro-F1. Our main contributions are: (1) Input
Reformulation: Topic-conditioned prompting
to model target–text interactions; (2) Robust
Training: 5-fold stratified cross-validation with
class-weighted loss; and (3) Public Resources:
Public model weights and an interactive Hugging
Face Space demo. The code implementation can
be reached via A2NLP-Code1, and Interactive
demo can be reached via A2NLP-SharedTask-
Demo2. The remainder of this paper is organized
as follows. Section 2 reviews related work. Sec-
tion 3 describes the task and dataset. Section
4 presents our system. Section 5 outlines the
experimental setup. Section 6 reports results and
error analysis. Section 7 concludes and highlights
future directions.

2. Related Work

2.1. Evolution of Arabic Stance
Resources

Although Arabic stance detection has progressed
in recent years, most early research was dom-
inated by English datasets (Küçük and Fazli,
2020; AlDayel and Magdy, 2021; Guellil et al.,
2021). Several Arabic resources have since

1https://github.com/eng-aomar/A2NLP-
StanceNakba2026-SubtaskB-AraBERTv02-Twitter

2 https://huggingface.co/spaces/aomar85/A2NLP-
StanceNakba-Demo

https://github.com/eng-aomar/A2NLP-StanceNakba2026-SubtaskB-AraBERTv02-Twitter
https://huggingface.co/spaces/aomar85/A2NLP-StanceNakba-Demo
https://huggingface.co/spaces/aomar85/A2NLP-StanceNakba-Demo
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emerged. MAWQIF introduced 4, 121 tweets anno-
tated for stance and related phenomena (Alturayeif
et al., 2022). AraStance provided 4, 063 claim–
article pairs for fact-checking-oriented stance de-
tection (Alhindi et al., 2021). ArabicStanceX ex-
panded coverage to 14, 477 tweets across 17 top-
ics, enabling multi-topic and zero-/few-shot set-
tings (Alkhathlan et al., 2025). MARASTA further
incorporated cross-domain and multi-dialectal vari-
ation (Charfi et al., 2024b). Despite these ad-
vances, robust cross-topic generalization in dialec-
tal social media remains challenging.

2.2. Computational Methodologies
Early systems relied on traditional classifiers such
as SVMs with TF-IDF and n-gram features (Dar-
wish et al., 2017; Baly et al., 2018), later replaced
by CNN and LSTM architectures. More recently,
Multi-Task Learning (MTL) jointly modeled stance
with related tasks (e.g., sentiment, sarcasm), im-
proving shared representations and class balance
(Alturayeif et al., 2023). Sequential MTL with hi-
erarchical weighting (SMTL-HW) achieved 88.3%
F1, highlighting the benefit of task interaction (Al-
masoudi et al., 2025).

2.3. Transformer Models
Transformer-based models now domi-
nate Arabic NLP (Antoun et al., 2020).
AraBERTv0.2-Twitter, pre-trained on 60M
Arabic tweets, has shown strong performance
in social media stance detection (Antoun et al.,
2020; Badran et al., 2024). It underpinned the
winning StanceEval 2024 system, enhanced
with contrastive learning (Badran et al., 2024),
and consistently outperforms MARBERT and
CAMeLBERT-da on MAWQIF (Alturayeif et al.,
2022, 2024). However, existing work primarily
relies on standard fine-tuning, leaving input
reformulation and topic-conditioned modeling
underexplored.

3. Background

3.1. Task Setup
Subtask B of the StanceNakba 2026 Shared Task
(Aldous et al., 2026) addresses cross-topic Ara-
bic stance detection. Each instance consists of
a sentence paired with one of two predefined tar-
get topics: ،ඔ൹ڣܹފޚ ݆݁) ا৙৑ردن ሒᇭ દઊරජ؇۳ৎ৊وا ඔ൹٪ۏఈዳዧا وۏިد
اܳأݠاق) ل؇، ݿިر Refugee/Immigrant Presence in Jor-
dan from (Palestine, Syria and Iraq) or ؕ݁ اܳٺޚٴ٭ؕ
ا๤ངاਃಮܭ (Normalization with Israel). The task is
formulated as sentence pair classification prob-
lem with three labels, where the system pre-
dicts the stance expressed in the sentence to-

ward the specified topic. The output label be-
longs to one of three categories: pro, against,
or neutral. For example, given the sentence اڣݯܭ
ا৙৑ردن ݆݁ ુળاۊٺ اܳފިري اܳލأص ނأص (The Syrian people
are the best people, your sister from Jordan) and
the topic ،ඔ൹ڣܹފޚ ݆݁) ا৙৑ردن ሒᇭ દઊරජ؇۳ৎ৊وا ඔ൹٪ۏఈዳዧا وۏިد
اܳأݠاق) ل؇، ݿިر (Refugee/Immigrant Presence in Jor-
dan from (Palestine, Syria and Iraq)), the appropri-
ate label is pro, as the sentence conveys support
in relation to the target topic.

3.2. Dataset Details
The dataset used in this subtask is a subset of the
MARASTA corpus (Charfi et al., 2024a), consist-
ing of Arabic sentence–topic pairs primarily writ-
ten in colloquial Arabic and regional dialects such
as Palestinian, Jordanian, and Qatari. The genre
mainly comprises tweets and short online posts,
characterized by informal language, abbreviations,
and frequent use of emojis.

The dataset contains 1, 024 instances in total.
As shown in Table 1, the label distribution is ap-
proximately balanced across the three stance cat-
egories: against (361 instances, 35.25%), pro (348
instances, 33.98%), and neutral (315 instances,
30.76%). The prevalence of dialectal variation and
informal expressions increases the complexity of
the stance detection task, requiring models to gen-
eralize across linguistic and stylistic variability.

Topic / Label Count Percentage (%)
ا෕ີاॴటڞ) ֆڲ ֆاڤ׫܋ץמ) (Normalization with Israel)

Against 168 34.22
Neutral 177 36.05
Pro 146 29.73
Sub-total 491
اڤ֔ۑاق) ،ոֵ ۰ܙر ،അ೪ؔڪۻ܋) ਗ৻ബഓո٤िऻوا അ೪ـכ୹ቤቘا وـܙد
Refugee/Immigrant Presence in Jordan from (Palestine, Syria and Iraq)
Against 193 36.21
Neutral 138 25.89
Pro 202 37.90
Sub-total 533

Total (All Topics) 1024

Table 1: Distribution of Stance Topics for each La-
bel.

4. System Overview

Our system for Subtask B as presented in Figure
1 utilizes a fine-tuned AraBERTv0.2-Twitter
model, chosen for its robust handling of Mod-
ern Standard Arabic (MSA) and the dialectal,
emoji-rich nuances of social media text. To op-
timize performance, we employ dynamic batch-
wise padding and class weighting to mitigate label
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imbalance.

Figure 1: Architecture of the topic-conditioned
AraBERT model.

Input Representation: To facilitate cross-topic
generalization, we employ a prompt-based ap-
proach. Given a sentence xs and topic xt, we de-
fine static Arabic descriptors p1 = ا୒ୖڎف: (Target:)
and p2 = :݆݁ اৎ৊ިڢژ (Stance toward:). The input se-
quence X is constructed as:

X = [CLS] p1 xt [SEP] p2 xs [SEP]

An example of the constructed input sequence
is shown below:

[CLS] ا๤ངاਃಮܭ ؕ݁ اܳٺޚٴ٭ؕ ا୒ୖڎف: [SEP] اܳٺޚٴ٭ؕ :݆݁ اৎ৊ިڢژ
Մ៰Ղا ނ؇ء ان ଫଃ༠ ݿ٭ܝިن ا๤ངاਃಮܭ ؕ݁ [SEP]
Target: Normalization with Israel
[SEP] Stance toward: Normalization
with Israel will be good, God willing

Classification Head: The encoder produces
contextual embeddings H ∈ RL×d. The sequence-
level representation, hCLS ∈ Rd, is passed through
a linear layer fθ with dropout to compute the pre-
dicted probabilities ŷ = softmax(fθ(hCLS)).

5. Experimental Setup

5.1. Dataset Details and Preprocessing

Experiments were conducted in Google Colabora-
tory using 5-fold Stratified Cross-Validation (SCV).
For each phase (N = 824 and later N = 1,024),
data was split into five stratified folds, with 80% for
training and 20% for validation. Cross-validation
guided model selection and hyperparameter tun-
ing. Final evaluation was performed on the offi-
cial Codabench platform. Tables A.5 and 3 report
Macro-F1 on the unseen test set.

Preprocessing included Arabic-specific clean-
ing and normalization. Emojis were converted to
text, non-Arabic characters, URLs, mentions, and
hashtags were removed. We normalized ortho-
graphic variants (Alef forms, Alef Maqsura, Taa
Marbuta), removed diacritics and tatweel, reduced
extra whitespace, filtered empty samples, and
eliminated duplicates.

5.2. Hyperparameter Fine-Tuning

The model was trained for up to 10 epochs
with early stopping (patience = 2) based on
Macro-F1. We applied weight decay (0.01)
and dropout (0.2) to mitigate overfitting. Back-
translation (Arabic→English→Arabic) generated
842 additional samples for augmentation. Hyper-
parameters are summarized in Table 2, with ex-
tended details in Appendix Table A.2.

Hyperparameter Value
Max Sequence Length 128 tokens
Batch Size 16
Learning Rate 2× 10−5

Weight Decay 0.01
Dropout Rate 0.2
Optimization Metric Macro-F1
Early Stopping Patience 2 epochs

Table 2: Fine-tuning hyperparameters for stance
detection.

6. Results

We evaluated our system on the official test split.
Our submission achieved a Macro-F1 score of
0.8483, ranking among the top teams in Subtask B
and outperforming the baseline (AraBERT v2) by
0.0383. The full leaderboard results are provided
in Appendix A.3 (Table A.5).

We followed a two-phase evaluation: an initial
development track for model selection, followed by
a final test track for performance verification. Ta-
ble 3 summarizes our experiments. Prompt-based
fine-tuning consistently improved F1 over baseline
and augmentation, with the best score obtained us-
ing 1, 024 samples3.

Exp Model F1 Technique Size
1 M1a 0.777 Baseline 824
2 M1a 0.830 Prompt 824

3 M1a 0.811 Augmentation
Back-translation

1, 684*

4 M2a 0.780 Prompt 824

5 M1b 0.836 Prompt 824

6 M1b 0.848 Prompt 1, 024

Table 3: Subtask B experiments.

M1: AraBERTv02-Twitter; M2: MARBERT
*Augmented samples included.
aLR = 3× 10−5; bLR = 2× 10−5

3Only representative configurations are shown; addi-
tional runs were conducted during model selection.
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6.1. Discussion of Key Findings
Our analysis reveals three primary factors that
contributed to the model’s success. First, the in-
troduction of topic-conditioned prompts signifi-
cantly enhanced the model’s ability to generalize
to the test set, effectively bridging the gap between
training and unseen data. Second, optimization
played a crucial role; reducing the learning rate
from 3×10−5 to 2×10−5 improved Macro-F1 from
0.8328 to 0.8363 (absolute gain 0.0035). This con-
sistent cross-validation improvement indicates that
a slightly smaller optimization step stabilizes fine-
tuning on small stance datasets.

Finally, the impact of data volume was evident
in the final phase. Expanding the size of the
training to N = 1, 024 (including validation data
released after development) increased Macro-F1
from 0.8364 to 0.8483, highlighting an absolute
gain of 0.0119. This demonstrates that while ar-
chitectural prompts and hyperparameter tuning
are important, AraBERTv0.2-Twitter is highly
data-responsive, benefiting substantially from the
greater linguistic variety in the larger dataset.

6.2. Error Analysis
We analyzed misclassifications from out-of-fold
(OOF) predictions across the 5-fold stratified cross-
validation. Table 4 summarizes the most frequent
confusion pairs, and Figure 2 shows the aggre-
gated confusion matrix.

The dominant error is Neutral → Against
(32.14%), followed by Against → Neutral (20.24%).
This bidirectional confusion suggests difficulty dis-
tinguishing implicit opposition from weak or am-
biguous sentiment, especially when negative tone
is directed toward contextual entities rather than
the target itself.

Confusions involving Pro are less frequent (Pro
→ Against: 10.71%, Pro → Neutral: 8.33%),
indicating that supportive stances often contain
clearer lexical cues. Overall, errors are relatively
balanced across classes, suggesting that Macro-
F1 gains are not driven by majority-class bias.

The prevalence of Neutral–Against confusions
indicates that topic-conditioned prompting does
not fully resolve stance ambiguity in cross-topic
settings. High-confidence misclassified examples
are provided in Appendix A.4(Table A.6).

7. Conclusion

We presented A2NLP’s system for Subtask
B of the StanceNakba 2026 Shared Task
on cross-topic Arabic stance detection. Us-
ing topic-conditioned prompts with fine-tuned
AraBERTv0.2-Twitter, our model reached a
Macro-F1 of 0.8483, surpassing the AraBERTv2

Confusion Type Count Percentage
Neutral → Against 27 32.14%
Against → Neutral 17 20.24%
Neutral → Pro 12 14.29%
Against → Pro 12 14.29%
Pro → Against 9 10.71%
Pro → Neutral 7 8.33%

Table 4: Misclassification counts and percentages
for each confusion type from OOF predictions.

Figure 2: Aggregated confusion matrix for the 5-
fold stratified cross-validation on the development
set. Results are obtained via OOF inference using
our fine-tuned A2NLP-STANCE model (based on
AraBERTv0.2-Twitter) with topic-conditioned
prompts.

baseline by +3.83 points and ranking fifth. Our
results show that structured input reformulation
and domain-aligned pretraining boost cross-topic
generalization, while distinguishing neutral from
implicit opposing stances remains challenging.
Future work will explore richer contextual modeling
to improve stance disambiguation.

8. Limitations

Despite competitive performance, the A2NLP sys-
tem is limited by a small dataset (1, 024 in-
stances) restricting generalization across Arabic
dialects, difficulty distinguishing neutral from im-
plicit opposition (32.14% misclassified), and eval-
uation on only two topics, while relying solely on
AraBERTv0.2-Twitter without external knowl-
edge or multi-task learning.
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A. Appendix: Supplementary Materials, Software, and Data

This appendix provides implementation details and representative error examples to facilitate reproducibil-
ity and qualitative analysis.

A.1. Reproducibility Details

Framework / Library Version URL
Transformers 5.0.0 https:https://github.com/huggingface/transformers
PyTorch 2.9.0+cu128 https://pytorch.org
Datasets 4.0.0 https://github.com/huggingface/datasets
Tokenizers 0.22.2 https://github.com/huggingface/tokenizers

Table A.1: Environment setup.

Hyperparameter Value
Number of epochs 10
Train batch size 16
Evaluation batch size 16
Learning rate 2e− 5
Weight decay 0.01
Dropout 0.2 (hidden)
Evaluation strategy Steps
Evaluation steps 50
Save strategy Steps
Save steps 50
Push to Hugging Face Hub True
Hub model ID Dynamic per fold
Load best model at end True
Metric for best model Macro-F1
Greater is better True
FP16 True
Logging strategy Steps
Logging steps 50
Report to None
Early stopping patience 2

Table A.2: Extended hyperparameter values for full model replication.

A.2. Additional Backbone Evaluation

To ensure reproducibility, we provide the specific model weights and configurations for each experiment
conducted in Subtask B. Table A.3 details the performance metrics, fine-tuning techniques, and dataset
sizes used, with corresponding Hugging Face repository links provided in the table notes for each unique
model checkpoint.

Table A.4 reports additional pretrained Arabic models evaluated under identical training settings during
development. These models were not selected for final submission due to lower Macro-F1 performance.

A.3. Leaderboard Results (Full Ranking)

For completeness, we include the full official leaderboard for Subtask B in the appendix. As shown in
Table A.5, our system (A2NLP) ranks 5th overall with a Macro-F1 score of 0.8483, outperforming the
AraBERT v2 baseline and placing among the top-performing teams.

https://github.com/huggingface/transformers
https://pytorch.org
https://github.com/huggingface/datasets
https://github.com/huggingface/tokenizers
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Exp. Model F1 Technique Size
1 M1a 0.777 Baseline 824
2 M1a 0.830 Prompt 824

3 M1a 0.811 Augmentation 1, 684*

4 M2a 0.780 Prompt 824

5 M1b 0.836 Prompt 824

6 M1b 0.848 Prompt 1, 024

Model URLs by Experiment:
Exp 1: https://huggingface.co/aomar85/StanceNakba-EXP1
Exp 2: https://huggingface.co/aomar85/StanceNakba-EXP2
Exp 3: https://huggingface.co/aomar85/StanceNakba-EXP3
Exp 4: https://huggingface.co/aomar85/StanceNakba-EXP4
Exp 5: https://huggingface.co/aomar85/StanceNakba-EXP5
Exp 6: https://huggingface.co/aomar85/A2NLP-STANCENAKBA2026-CROSS-TOPIC

M1: AraBERTv02-Twitter; M2: MARBERT
*Augmented samples included; aLR = 3 × 10−5; bLR = 2 × 10−5

Table A.3: Subtask B experiments and associated
Hugging Face repositories.

Exp. Model Accuracy Macro-F1
7 CAMeLBERT-Mix-Sentiment† 0.7459 0.7454

8 MARBERT† 0.6409 0.6354

Model URLs by Experiment:
Exp 7: https://huggingface.co/aomar85/StanceNakba-EXP7
Exp 8: https://huggingface.co/aomar85/StanceNakba-EXP8

Table A.4: Additional backbone models evaluated on the vali-
dation test set.

Rank Team / Participant Macro F1
1 wafaa 0.8724
2 mozalak 0.8607
3 U4RASD 0.8601
4 sarah_yassine 0.8562

5 A2NLP (ours) 0.8483

6 asmaa_q 0.8328
7 tokakhaled 0.8110

Baseline (AraBERT v2) 0.8100

8 AyahVerse 0.7904
9 jahidhasan 0.7407
10 walisa_alam 0.7317

Table A.5: Final leaderboard results for Subtask B. Our system (A2NLP) and the AraBERT v2 baseline
are highlighted.

A.4. Representative Misclassifications

https://huggingface.co/aomar85/StanceNakba-EXP1
https://huggingface.co/aomar85/StanceNakba-EXP2
https://huggingface.co/aomar85/StanceNakba-EXP3
https://huggingface.co/aomar85/StanceNakba-EXP4
https://huggingface.co/aomar85/StanceNakba-EXP5
https://huggingface.co/aomar85/A2NLP-STANCENAKBA2026-CROSS-TOPIC
https://huggingface.co/aomar85/StanceNakba-EXP7
https://huggingface.co/aomar85/StanceNakba-EXP8
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Sentence Topic Ground
Truth

Prediction Confidence

ا৖৑ڢٺݱ؇دل۰ ا৚৑ٔ؇ر ݆݁ لأ؇َިن اఈዳዧۏ٪ިن ߌ߳ال ৖৑
ၯၽّڰ۰ وارّڰ؇ع ܋ިروَ؇ ۰ොຩ؇༥ ؜݆ ۰ᆇᅹ؇اܳٷ
ّأݠڣ۰ ارّڰ؇ع ݆݁ ألݯ؇ وا৚৑ن اৎ৊أ྘ލ۰،
اࠍ੅ڎ݁؇ت
Refugees still suffer from the eco-
nomic impacts of the COVID-19 pan-
demic, the high cost of living, and
now rising service fees.

દઊරජ؇۳ৎ৊وا ඔ൹٪ۏఈዳዧا وۏިد
، ඔ൹ڣܹފޚ ݆݁) ا৙৑ردن ሒᇭ
اܳأݠاق) ، ل؇ ݿިر
Refugee/Immigrant
Presence in Jordan
from (Palestine, Syria
and Iraq)

pro neutral 97.95%

ا๤ངاਃಮܭ ؕ݁ اܳٺޚٴ٭ؕ ݆݁ ༂ੳاو ا৖৑ݿڎ ؕ݁ اܳٺޚٴ٭ؕ
Normalization with Assad is filthier
than normalization with Israel.

ا๤ངاਃಮܭ ؕ݁ اܳٺޚٴ٭ؕ
Normalization with Is-
rael

neutral against 97.63%

ሒᇿا اܳިݪؕ દઊ݁گڎر ඔ൹ل اܳފިر إۊިاَ؇ اَި أّިڢؕ
وڢݠا཯ྟٷ؇ و཯؇૭૙ྟٷ؇ ؇਍಻اۊިا و۱ܾ ا৖৑رْدن ڣ٭۬ റണ೴ݠ
ࢴࣖك ؆࿓ ݁ݷ ሒᇿا ) ౫౜భ݄ܭ ؇݁ اܳިݪؕ ܳـܝ݆
وًأިَ؇ ܾዛኡިًأ لܝިن Մ៰Ղا ًܝ٭ڎك)
I believe our Syrian brothers under-
stand the situation that Jordan is go-
ing through. They are our brothers,
relatives, and family. However, the
situation is becoming difficult to with-
stand what is beyond your control
can still weigh heavily on you. May
God help them and help us.

દઊරජ؇۳ৎ৊وا ඔ൹٪ۏఈዳዧا وۏިد
، ඔ൹ڣܹފޚ ݆݁) ا৙৑ردن ሒᇭ
اܳأݠاق) ، ل؇ ݿިر
Refugee/Immigrant
Presence in Jordan
from (Palestine, Syria
and Iraq)

neutral pro 97.58%

ปฆۋ اܳٺޚٴ٭ؕ ඔ඀ਃಾرا؇݁৖৑ا ا৖৑ۊިة আॻ༟ ݿఈఃم ل؇
ቕመ؇݁أ ؇਍ಸر... اܳٺأ؇ܳ٭ݑ ሒᇭ
O wow, the Emirati brothers, normal-
ization even in the comments... God
be with you.

ا๤ངاਃಮܭ ؕ݁ اܳٺޚٴ٭ؕ
Normalization with Is-
rael

neutral pro 97.00%

۰༲ܳݱ ۰݄ዛᔻ ۰݁ఈః༟ ඔ൹ڣܹފޚ ༥৖৑ܭ ೓ಱڎ੆اܳأݠاقاࠍ ارض ݆݁ ݿఈఃم ሒᇼިܳوا ଫଃ݄اܳݯ
ሒᇭ ا༥ීෂ؇ل ݿ؇دة ඔ൹݁گ؇وৎ৊ا ا৖৑رض ොේ৙৑؇ب
ا௰௯௫ٷت اܳٺޚٴ٭ؕ ز݆݁
Speaking up for Palestine is a clear
sign of a living conscience and true
awareness. Greetings from the land
of Iraq to the rightful owners of the
land the steadfast and resilient true
men in a time of normalization.

ا๤ངاਃಮܭ ؕ݁ اܳٺޚٴ٭ؕ
Normalization with Is-
rael

against pro 96.99%

و ଫଃ᛻੅اࠍ ܾୖ୒؇ٷറണ೷ و ඔ൹ل اܳފިر ؇਍಻اۊިا ً ఈఃڣأ َگڎر
ا৖৑ردن ྵื ، ଫଃ᛻ෛຳ ل؇ ݿިر ߙߵۏؕ أن و ݆݁৙৑ا
؇۱ଫଃ༚ ّޚأ݄޶ ؜ލ؇ن ؇ୖ୒؇༡ ّޚأ݄޶ ڢ؇درة ..݁ݷ
We genuinely value our Syrian broth-
ers and sisters and wish for Syria’s
safety and recovery, but Jordan is
struggling to sustain its own people
right now, making it hard to support
others.

દઊරජ؇۳ৎ৊وا ඔ൹٪ۏఈዳዧا وۏިد
، ඔ൹ڣܹފޚ ݆݁) ا৙৑ردن ሒᇭ
اܳأݠاق) ، ل؇ ݿިر
Refugee/Immigrant
Presence in Jordan
from (Palestine, Syria
and Iraq)

against pro 96.34%
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ިܳ ݁ݱ྘ٴ۰ َ۬৙৑ ۱ٷ؇ك ߌߵۏؕ ༡ڎا ؇݁ ا৙৑ڣݯܭ
ل؇ ؜ފިر رۏأިا
It’s better that no one goes back
there because it would be a disaster
if they returned to Syria.

દઊරජ؇۳ৎ৊وا ඔ൹٪ۏఈዳዧا وۏިد
، ඔ൹ڣܹފޚ ݆݁) ا৙৑ردن ሒᇭ
اܳأݠاق) ، ل؇ ݿިر
Refugee/Immigrant
Presence in Jordan
from (Palestine, Syria
and Iraq)

neutral against 96.10%

َ؇ڢݱ۰ و݁ި ඔ൹ل اܳފިر ؇਍಻إۊިا ؇ዛዀلܝڰ ا৙৑ردن
ܾዛውܳ؇༡ ሒᇼٺڎ૭૜ มฆܳا ሌᇖݠ੊اࠍ لؕ ّިز لࡤࡲ أن ปฃറണ೷
اࠍ੅ܹ٭ھ دول ݁ފྥލڰ٭؇ت আॻ༟ اܳٷگܭ
Jordan has done its part for our Syr-
ian brothers and can’t take on any
more. We hope that the wounded
whose cases require transfer will be
distributed among the hospitals of
the Gulf countries

દઊරජ؇۳ৎ৊وا ඔ൹٪ۏఈዳዧا وۏިد
، ඔ൹ڣܹފޚ ݆݁) ا৙৑ردن ሒᇭ
اܳأݠاق) ، ل؇ ݿިر
Refugee/Immigrant
Presence in Jordan
from (Palestine, Syria
and Iraq)

against pro 95.66%

واۏص ඔ൹ل اܳފިر ؇਍಻إۊިا ೞ಻؇༥ ሌᇿإ اܳިڢژ
ᆇ໲໢ܹب ᄎჼ݄ܹـৎ৊ا ݁أ؇ܳ٭۹ ݬڎڢب و มฃوޗ ሒᇧިڢ
اܳأܹ٭؇ ا৖৑ردن ۰༲ܹ݁ݱ وܳـܝ݆ ଫଃاܳـܝټ ଫଃا؜ٺٴ؇راتاܳـܝټ اي ڣިق
Standing by our Syrian brothers is
a national and patriotic duty, and
you are right, Your Excellency the
Kingdom has endured a great deal.
However, Jordan’s supreme interest
stands above all other considera-
tions.

દઊරජ؇۳ৎ৊وا ඔ൹٪ۏఈዳዧا وۏިد
، ඔ൹ڣܹފޚ ݆݁) ا৙৑ردن ሒᇭ
اܳأݠاق) ، ل؇ ݿިر
Refugee/Immigrant
Presence in Jordan
from (Palestine, Syria
and Iraq)

against pro 95.64%

#اܳٺޚٴ٭ؕ ৖৑و ඔ൹ޚٴأৎ৊ا ଫଐ᛻ොູم ৖৑ ا๤ངاਃಮܭ
มฆ྘ފب_ڢݯ྘ܳ_ඔ൹ڣܹފޚ#
Israel respects neither those who
normalize nor normalization #Pales-
tine_is_not_my_cause

ا๤ངاਃಮܭ ؕ݁ اܳٺޚٴ٭ؕ
Normalization with Is-
rael

neutral against 95.35%

౫ౖళت ݬ؇دڢ۬ ڢߺࠊب ؟ ᄩႍၽލৎ৊ا દઊو ޗ٭ص
ً وޗٴأ؇ ، اܳأݠب ؕ݁ ఈః༟ڢ۬ وا૰૙؇ء اܳފఈఃم ؜݆
ᄩᄟدو وا૰૙؇ء ا৖৑ۋٺఈఃل اዛኡ؇ء ًأڎ اܳٺޚٴ٭ؕ
ڣܹފޚ٭ྡྷ٭۬
So where is the problem? These are
sincere hearts seeking peace and
building relations with the Arabs—
and of course, normalization would
follow the end of the occupation and
the establishment of a Palestinian
state.

ا๤ངاਃಮܭ ؕ݁ اܳٺޚٴ٭ؕ
Normalization with Is-
rael

neutral pro 95.19%

اᄳᄟل ۱ڍا আॻ༟ اܳލأص ਒ಱިر Մ៰Ղا ނ؇ء إن
اᄴᄟول ඔ൹اܳڰܹފޚ٭ྡྷ٭ لگٺߺࠊن ۰਍ಱ؇ዝཡܳا ا৕৑رਃಸ؇۱ިن
۰਍ಱ؇ዝཡܳا ඔ൹ਃಸ؇۱ر৖৑ا ۱ޝ৖৑ء ؕ݁ ّޚٴ٭ؕ ۰ਃಸاܳأݠ
اৎ৊گڎس ܾዛኡႤၽ݁و ܾዛዊᚬد ً؇؜ިا ً؇ྲྀྥފ؇۰݁
God willing, the people will rise
against this humiliation. The Zion-
ist terrorists are killing Palestinians,
while Arab countries normalize with
these Zionist terrorists with a smile;
they have sold their religion and their
holy places.

ا๤ངاਃಮܭ ؕ݁ اܳٺޚٴ٭ؕ
Normalization with Is-
rael

neutral against 93.78%
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ቕረ ا৙৑ردن اڢٺݱ؇د ؟؟ ߌߵ ଩଍༠ ل؇ ا৙৑ردن আॻ༟ ฟ฀؜
۰ًިዛዊ݁ ا৙৑ردن ৖৑او ڢڎوዛᔻܾ؟؟ ݁ٷڍ ଫଃ᛻੅اࠍ ߌߵى
ًگݠووون ل؇ ݿިر أز۰݁ ڢٴܭ ቕረ؇اܳأ دول أڣگݠ و݆݁
وا๤ཏܳڢ۰ اዛዊܳص ඔ൹رڣ؇༟ ඔ൹ਃ಻أرد ك وᆇᅹ٭أٷ؇
واܳފ؇ڢޔ اܳފ؇ڢޚ۰ ༡ܝި݁ٺٷ؇ ݆݁ اܳލأص لඔ൹؟؟৙৑݁ިال اܳފިر ༟ܹ٭ٷ؇ اߜߵوا ި૰૖ . ؇ୖ୒ ૭૏ۜھ ሒᇿا
ا۱؇ܳ٭ٷ؇؟؟؟ ݆݁ ا༠ڍوا ৖৑و ؇਍ಾިਃಸ ݁ٷ؇ ل؇ا༠ڍوا وݿިر ஓ୾ݠا༡ܭ ݁ٷ؇ اۋފ݆ ܾዛዊ݁ ሒᇭ ඔ൹ل اܳފިر
اܳލ؇م ۰ᆙᆗ؇༟ ᆙᆗ؇༟ٺٷ؇ ਃಸިم ೑಻Ⴄ၍ ؇ዛዊ؜ ௧ௌ౫౜భ ঌॻل
ሒᇿا ل؇ ݿިر . ݬ؇رت ሒᇿا ۰ෛ஖ިܳا اܳٺگފ٭۰݄ ڢٴܭ
ଫଃᆙᆕ ৖৑و ذ۰݁ ৖৑ ؜ٷڎه ؇݁ ؇ዛ዇أ૰૖و ؇ዛዀڣ ොຳݴ ؇݁

اܳأݠب. ඔ൹ًو ሒᇀਵ؜ ᄴᄥً ሒᇭ لأ྘ݷ ڣ٭۬ وරඞام
اݪܭ ورح ؇ஓ୷دا و༡ڎه د؜ިه ሒᇼاد ّأݠف
و݁؇ ඔ൹ل اܳފިر لگڎر ؇݁ ෛஙݧ ႟၍ আॻ༟ ؇ዛዀاد؜
ጥ጑۱ا ૰૜ྥب ොຳݠب لޚأ۹݄ Մ៰Ղا ، ܾዛዀڣ ොຬݴ
Ⴄၽ݁ن আॻ༟ وࣁࣖور ዻዧ؇و؜٭ ೑಻ا ོྥލྥب ጥ጑أ෠ູو
ዻዧ ݁ݷ اᄴᄟ؜ިه ۱ڍه ، ఈఃّڢ٭۬ و݁؇ ل۹ ොຬٺި
۬ਃ಻؇أਃಸ ঌॻਃಸ ොຬݴ ؇݁ ෛஙݧ ႟ၽܳ ۱ڍه ෛஙݱ٭؇
ྵื ඔ൹ل اܳފިر
What ’good’ was there since they
arrived? First of all, Jordan has
been looted and has been one of
the poorest countries in the world for
centuries, long before the Syrian cri-
sis. All of us as Jordanians know
the looting and theft of the people’s
money by our failed government and
the sycophants who cheer for them.
How have the Syrians affected us?
Did they take our homes or take
from our families? Many Syrians
are far better than us, and the Syria
you speak of was once our capital—
the capital of the Levant—before the
dirty partition that occurred. Any-
one who doesn’t feel for Syria and
its people has neither integrity nor
a conscience, and doesn’t deserve
to live in an Arab land among Arabs.
I have one prayer that I will always
repeat for anyone who doesn’t ap-
preciate or feel for the Syrians: May
God afflict you with a war that scat-
ters your family and forces you and
your children to wander, searching
for a place to take you in and finding
none. This prayer isn’t for you per-
sonally, but for anyone who doesn’t
feel the suffering of the Syrians.

દઊරජ؇۳ৎ৊وا ඔ൹٪ۏఈዳዧا وۏިد
، ඔ൹ڣܹފޚ ݆݁) ا৙৑ردن ሒᇭ
اܳأݠاق) ، ل؇ ݿިر
Refugee/Immigrant
Presence in Jordan
from (Palestine, Syria
and Iraq)

pro against 92.76%

Continued on next page
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ᆇᅹ٭ؕ ଫଐ᛻ොຶم اৎ৊ڰݠوض ۏ٭ڎ ๴ཇ اዛዀܳިد اଫଐ༡ام
݁ިݪިع ا݁؇ اৎ৊ڍا۱ص و ل۰ اܳފ݄؇و ا৙৑دل؇ن
ਵਦڣިض ا๤ངاਃಮܭ ؕ݁ اܳٺޚٴ٭ؕ
Respecting Jews is a good thing; we
should respect all divinely revealed
religions and sects. However, the is-
sue of normalization with Israel is re-
jected.

ا๤ངاਃಮܭ ؕ݁ اܳٺޚٴ٭ؕ
Normalization with Is-
rael

against pro 89.32%

ؕ݁ واܳފఈఃم ً؇ܳٺޚٴ٭ؕ ਊಱڎأ اࠍ੆گ٭ࠔࠫ اܳٺޚٴ٭ؕ
اܳأ྘ݷ ݆݁ ܾዛዊܝஓ୷ ؇ஓ୾ ،ඔ൹واܳڰܹފޚ٭ྡྷ٭ ඔ൹ڣܹފޚ
݁ލ؇۱ڎ ؇਍಻؇۱أذ ؜݆ لܭ وߌ߳ ܾዝཚأر আॻ༟ ଲ୍ًا۰݁
ࢴࣖ আॻ༟ ؇ୖ୒ ّأݠݪިا มฆܳا واܳگ݄ؕ ۰َ؇۱৕৑وا اᄳᄟل
؜ٷڎ۱؇ ܳأگިد، ඔ൹ܹ٭ਃಮا๤ང৕৑ا ඔ൹ފٺިޗٷৎ৊وا اࠍ੊ٷިد
و྘ܳݴ ۰ਃಸاܳأݠ اܳލأިب ؕ݁ ّޚٴ٭ؕ ۱ٷ؇ك ݿ٭ܝިن
؇ዛኞިނأ ؜݆ ᄭᄟ݁أݞو ݿܹޚ؇ت ؕ݁
True normalization begins with nor-
malization and peace with Palestine
and the Palestinians, enabling them
to live with dignity on their land and
erasing from our minds the scenes
of humiliation, insult, and oppres-
sion they have endured at the hands
of Israeli soldiers and settlers for
decades. Only then will there be
normalization with the Arab peoples,
rather than with authorities isolated
from their own populations.

ا๤ངاਃಮܭ ؕ݁ اܳٺޚٴ٭ؕ
Normalization with Is-
rael

against pro 88.94%

ّأܹگިا ఈః༟ڢ۰ ඔ൹ل اܳފިر ݬ؇روا @khaberni
؇݁ ঌፇዧا ુળਊಾوروا ુળورڣ؇۱٭ٺ ુળّ؇ڢ๤ང ؇ዛዀܹ༟
ሒᇭ ৖৑َިا ሒᇃ؇ًأ ا৖৑ردن ؜٭ص Մ៰Ղوا ྲྀྥފٺۜگ۱ި؇
وො੼ފਃಸި؇ت و๤ངڢ؇ت ଫଃ܋ټ රඞا݁٭۰
Syrians became an excuse to hang
your thefts and your unearned
salaries on.

દઊරජ؇۳ৎ৊وا ඔ൹٪ۏఈዳዧا وۏިد
، ඔ൹ڣܹފޚ ݆݁) ا৙৑ردن ሒᇭ
اܳأݠاق) ، ل؇ ݿިر
Refugee/Immigrant
Presence in Jordan
from (Palestine, Syria
and Iraq)

pro against 88.53%

.Մ៰Ղا ނ؇ء ان ا๤ངاਃಮܭ. ߙ߳ور มฆ݁ ྾ང؇༥ .ܾ۳ৎ৊ا

واᄴᄟ؜ܾ. ݁؇ނ٭۬. ا݁ިرك اܳٺޚٴ٭ؕ. ؕ݁ ݁ފٺ݄ݠاۊٴ؇رك
Anyway Jassim, when will you visit
Israel? How is normalization going
for you?

ا๤ངاਃಮܭ ؕ݁ اܳٺޚٴ٭ؕ
Normalization with Is-
rael

neutral pro 87.41%

اܳ؞ݠب اݿޚިاَ۬ ۱ڍي اܳٺޚٴ٭ؕ ෛຳݱިص
ඔ൹݁ݠ੆اࠍ ܳٴఈఃد ඔ൹ٴ௱௯௫ا ݆݁ ปฃஓ஄ا ؇ዛውߙ߳ڢਵਦو
اܳٺگݠߌߵ ሒᇭ ؇ୖ୒ اܳٺޚݠق ༟ڎم ඔ൹لڰ ๤དྷܳا
Regarding normalization, this is a
broken record of the West and its
mercenaries.

ا๤ངاਃಮܭ ؕ݁ اܳٺޚٴ٭ؕ
Normalization with Is-
rael

neutral against 87.37%

ا৙৑ݿڎ ܳྟލ؇ر ොෘ٭۰ ܳ٭ݱٴۜިا ܾዛኤد؇༟ا ؕ݁ ܳފب
و࠯࠵࠺ݠب
I am not for returning them only for
them to become victims of Bashar al-
Assad and the war.

દઊරජ؇۳ৎ৊وا ඔ൹٪ۏఈዳዧا وۏިد
، ඔ൹ڣܹފޚ ݆݁) ا৙৑ردن ሒᇭ
اܳأݠاق) ، ل؇ ݿިر
Refugee/Immigrant
Presence in Jordan
from (Palestine, Syria
and Iraq)

pro against 86.22%
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ྲྀྥފٴިَ؇ d؇ஓ୷ا ྘ܳݷ ྵื ቕመߺࠊ༠
Just stay, but why do you always in-
sult us?

દઊරජ؇۳ৎ৊وا ඔ൹٪ۏఈዳዧا وۏިد
، ඔ൹ڣܹފޚ ݆݁) ا৙৑ردن ሒᇭ
اܳأݠاق) ، ل؇ ݿިر
Refugee/Immigrant
Presence in Jordan
from (Palestine, Syria
and Iraq)

neutral against 93.58%

Table A.6: Representative high-confidence misclassified examples from out-of-fold predictions, illustrat-
ing systematic stance ambiguities.
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