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Economy Aramco Share Selling Aramco made available a part of their total company shares, amounting to 1.5%, for
trading among the general public.
Al-Qiddiya Project Al-Qiddiya is a Saudi sport, cultural, and entertainment project which will be located in
the city of Al-Qiddiya, which serves as a high-quality entertainment and social destination.
Neom City The Kingdom of Saudi Arabia has planned to construct a novel urban district, Neom, in
the northwestern Tabuk Province.
Education Teaching Chinese Language at School The Saudi Ministry of Education has announced to include Chinese language in the
curriculum of Saudi public schools.
Improve School Curriculum The Saudi Ministry of Education unveiled a new educational system and curriculum that
comprises new subjects and a reduction in the number of classes for religious studies.
Online Learning Transitioning from conventional to online teaching during COVID-19
Health COVID-19 Vaccine The Saudi authorities are mandating that Saudi citizens receive the COVID-19 vaccine.
Vaccine Booster Dose The Saudi authorities are mandating that Saudi citizens receive the COVID-19 booster
dose.
Sports Prince Abdulaziz bin Turki Head of Sports Minister Appointing Prince Abdulaziz bin Turki as a minister of sports.
Prince Faisal bin Turki as Resignation from a Saudi club | Prince Faisal bin Turki as resignation from Al-nasser Saudi club.
Religion/ Cultural | Sex Education Implementing a sex education curriculum in Saudi public school.
Coexistence with Religions The peaceful coexistence and dialogue among religions.
Women driving Allowing women to drive in Saudi Arabia.
Mosques Speakers Limiting the utilization of mosque loudspeakers exclusively for the Adhan (the call to
prayer) while retaining their use within the mosque premises during prayer times.
Polygamous marriage Deciding whether to endorse the concept of simultaneous multiple spouses.
Other Domestic tourism Supporting domestic tourism in the Kingdom of Saudi Arabia

Military conscription

The mandatory enlistment of Saudi citizens in the armed forces
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Text source

Size

SemEval2016-Task 6 (Mohammad et al., 2016, 2017) English Target specific X.com 4,163 tweets

WT-WT (Conforti et al., 2020) English Target specific X.com 51K

TW-BREXIT (Lai et al., 2020) English Target specific X.com 1,800 triplets of tweets

Procon20 (Hosseinia et al., 2020) English Target specific procon.org 6,094 of question and opinion

Hateful/offensive speech (Grimminger and Klinger, 2021) English Target specific X.com 3K tweets

P-stance (Allaway and McKeown, 2020) English Target specific X.com 21,574 tweets

MeTooMA (Gautam et al., 2020) English Target specific X.com 9,973 tweets

RumourEval (Gorrell et al., 2019) English Target independent X.com and Reddit 8,574 posts

ENC-1 (Hanselowski et al.,, 2018) English Target independent News websites 75,385 instances and 2,587
news headlines

Emergent (Ferreira and Vlachos, 2016) English Target independent | Different websites 300 claims and 2,595 articles

IBM debater (Bar-Haim et al,, 2017) English Target independent | Wikipedia 2,394 claims

Vast (Allaway and McKeown, 2020) English Cross target News website 23,525 comments

X-stance (Vamvas and Sennrich, 2020) Italian German French | Cross target Smartvote.org 65K

Multi-target SD (Sobhani et al,, 2017) English Multi target X.com 4,455 tweets

SardiStance (Cignarella et al., 2020) Italian Target Specific X.com 3,242 tweets

IberEval (Taulé et al,, 2017) Spanish and Catalan Target specific X.com 11K

Arabic fact checking (Baly etal.,, 2018) Arabic Target independent | Verify and Reuters 402 claims and 3,042
documents

Arabic news stance (Khouja, 2020) Arabic Target independent | News websites 3,786 pairs (claim, evidence)

AraStance (Alhindi et al,, 2021) Arabic Target independent | Fact-checking websites | 4,063 pairs of claim and article

MAWGIF (Alturayeif et al., 2022) Arabic Target specific X.com 4,121 tweets

EXaASC (Jaziriyan etal., 2021) Arabic Cross-target X.com 9,566 samples, and 180 targets
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Approches Models Precisiol Recall F1-score
DL models GRU EGY 67.16 56.82 61.56
GLF 63.49 59.01 61.17
LEV 93.19 93.01 93.10
MGH 88.37 90.67 89.51
general 17.89 22.56 19.96
LSTM EGY 66.60 5542 60.50
GLE 60.16 58.29 59.21
LEV 93.16 93.01 93.08
MGH 87.93 89.36 88.64
general 17.25 22.08 19.37
CNN EGY 66.30 5451 59.83
GLE 59.32 58.29 58.80
LEV 93.11 92.67 92.89
MGH 87.50 89.36 88.42
general 1620 21.28 18.40
The transformer model Base-Arabert EGY 7124 68.24 69.71
GLF 7343 62.18 67.34
LEV 94.07 95.56 94.81
MGH 94.17 91.72 92.93
general 2361 29.12 26.07
Arabic-XLM-R-Base EGY 74.71 7891 76.75
GLF 75.80 66.37 70.77
LEV 94.64 95.62 95.13
MGH 94.44 91.72 93.06
general 27.59 32.80 29.97
The proposed model Stacking-Transformer EGY 80.41 91.65 85.66
GLE 81.75 80.67 81.20
LEV 95.90 95.62 95.76
MGH 94.87 91.72 93.27
general 4394 54.56 48.68
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References Methods Results ~ Datasets

Lulu and Elnagar, LST™M 714 AOC

2018

Cotterell and NB with Bi-gram 87.00 IADD

Callison-Burch, 2014

Kwaik et al,, 2018 NB 70 Shami

Elaraby and Attention BiLSTM 87.81 ADO

Abdul-Mageed, 2018

Alsuwaylimi, 2024 CAMeLBERT with 87 ADO
BiLSTM

Our work Stacking-Transformer 93.062 IADD
Stacking-Transformer 89.73 Shami
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Datasets abels  Trainingset Testingset Total
Shami Syrian 28,318 9,440 37,758
Lebanees 8,121 2,707 10,828
Palestinian 7,981 2,661 10,642
Jordinian 5,263 1,754 7,017
Total 49,683 16,562 66,245
IADD LEV 65,605 21,864 87,469
MGH 21,037 7,076 28,113
GLE 5011 1,671 6,682
EGY 3,626 1,209 43835
general 1,873 625 2,498
Total 97,152 32,445 129,597
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Models Parameter: Specification
LST™M Number of nodes 200

Dropout 02

Activation function Relu

Optimizer Adam

Loss function CrossEntropyLoss
GRU Number of nodes 200

Dropout 02

Activation function Relu

Optimizer Adam

Loss function CrossEntropyLoss
CNN Filter size 3x3

Kernel size 4

Dropout 02

Optimizer Adam

Loss function CrossEntropyLoss
Bert-Base- Number of transformer layers | 12
Arabertv02

Hidden Size 768 dimensions

Attention Heads 12 per layer

Optimizer Adam

Loss function CrossEntropyLoss

Dropout rate 0.1
Dialectal-Arabic- Number of transformer layers | 12

XLM-R-Base

Hidden Size 768 dimensions
Attention Heads 12
Optimizer Adam

Loss function

CrossEntropyLoss
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Approaches Models Classes Precisiol Recall F1-score
DL models GRU Jordinian 60.84 55.53 58.06
Lebanees 77.05 77.39 77.22
Palestinian 69.22 7328 7119
Syrian 91.28 9113 91.21
LSTM Jordinian 6225 50.40 55.70
Lebanees 7345 75.03 74.23
Palestinian 7237 65.54 68.78
Syrian 87.59 92.48 89.97
CNN Jordinian 6225 50.40 55.70
Lebanees 7345 75.03 74.23
Palestinian 72.37 65.54 68.78
Syrian 87.59 92.48 89.97
The transformer model Base-Arabert Jordinian 80.16 61.52 69.61
Lebanees 84.64 79.61 82.05
Palestinian 77.64 82.60 80.04
Syrian 92,07 95.96 93.98
Arabic-XLM-R-Base Jordinian 79.77 60.03 68.51
Lebanees 84.49 79.09 81.70
Palestinian 77.34 82.60 79.88
Syrian 91.82 95.96 93.85
The proposed model Stacking-Transformer Jordinian 80.16 61.52 69.61
Lebanees 84.64 79.61 82.05
Palestinian 77.64 82.60 80.04
Syrian 92,07 95.96 93.98
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Tsuyoshi Kitazawa, a former member of Japan’s national football team, stressed the role of sport in

building bridges: “whatever you feel in the Games is made possible because the world is playing as
one team,” he said
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The latest estimate is lower than the 3.1 percent GDP growth projected by the IMF in May
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S The latest estimate is lower than the 3.1 percent GDP growth projected by the IMF in May
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References

Advantages

L

ations

Dataset

Lulu and Elnagar, 2018 | LSTM Proposing benchmark dataset Applying the classical DL models AOC
Accuracy was lowest
Alsaleh and GA with CNN Applying GA to optimize parameters of CNN | Applying the classical DL models Text classification
Larabi-Marie-Sainte, Supporting text classification
2021
Alzw’bi and Duwairi, RNN - Applying single DL MADAR corpus
2021 Using one dataset
Obtaining the lowest accuracy
Cotterell and NB with Bi-gram Proposing benchmark dataset Applying ML models IADD
Callison-Burch, 2014 Using one dataset
Obtaining the lowest accuracy
Kwaik et al., 2018 NB Proposing benchmark dataset Applying single model is NB Shami
Obtaining the lowest accuracy
Alansari, 2023 CNN and RNN - The results of the models have not been -
registered.
Applying classical DL models
Shatnawi et al., 2023 AraBERT Applying different wor-embedding Obtaining the lowest accuracy NADI
Applying AraBERT Model
Abdelazim et al., 2022 RE Proposing hybrid model Applying classical DL models Own
Elaraby and Attention BiILSTM Proposing model based attention Applying classical ML models. ADO
Abdul-Mageed, 2018 Using one dataset.
Alsuwaylimi, 2024 CAMeLBERT with Proposing benchmark dataset No applying stacking models ADO
BiLSTM Applying transformer models
Alghamdi et al,, 2022 MARBERT Applying transformer models No applying stacking models Own
Our work Stacking-Transformer Applying transformer to learn complex - IADD
patterns in datasets.
Stacking-Transformer Applying generalization using stacking - Shami

model based on two transformer models
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The shared interests e a strong founda friendship, as friends engage in meaningful

conversations and activities they enjoy, as said in “Birds Of A Feather Flock Together”
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If a person with as experiences a healthcare error, it may affect their overall wellbei

exacerbate existing vision issues
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| had an elderly neighbor whose conversations were mind-blowing. He told me one day when his

gathering was devoid of people, and ho one was sitting with us: “Oh my son, a secret has been
stirring in my heart for forty years regarding what has been discussed during this lengthy period
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Texts Sports Business Medical tal

Source (E) 1,580 ws 1,498 ws 1,539 ws 1,586 ws 6,203 ws
GT (A) 1,357 ws 1,283 ws 1,298 ws 1,564 ws 5,582 ws
H-PE (A) 1,332 ws 1,261 ws 1,258 ws 1,542 ws 5,393 ws
C-PE(A) 1,351 ws 1,268 ws 1,273 ws 1,559 ws 5,451 ws
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+ Defines target domains
+ Bxtracts Arabic hashtags from X.com

« dentifes potential topics and related hashtags

+ Collects tweets assocated with identified hashags

J
N
« Defines stance labels (‘favor”, “aganst, “none’)
+ Trains snnotators on guidelines and ools
+ Anotators abeltweet sances based on guideines
+ Resoives disagreemens between annotators )
+ Spits datanto aining and testing sets 3
+ Calulates Fless Kappa score (nterannotstor
agreement]
+ Generates ataset satstis oumber of topic,sample,
distibution) )

+ Saves data ina suitable format (€Y, JSON)
+ Includes relevant nformation (topi,tweet text stance
tabel)






OPS/images/frai-08-1615800/frai-08-1615800-g002.gif





OPS/images/frai-08-1526293/frai-08-1526293-t009.jpg
MGT

If a person with astigmatism experiences a healthcare error, it may affect their overall wellbei

and exacerbate existing vision issues
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The shared interests provide a strong foundation for friendsh nds engage in meaningful

conversations and activities they enjoy, as said in “Birds Of A Feather Flock Together”
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Tsuyoshi Kitazawa, a former member of Japan'’s national football team, stressed the role of sport in

building bridges: “whatever you feel in the Games is made possible because the world is playing as
one team,” he said
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Evaluators  Post- Fluency Accuracy Efficiency Terminology Consistency Cohesion Syntax Grammar Cultural

editors appropriateness
EV1 ChatGPT-40 4 4 5 3 3 2 4 4 3

Human 5 5 2 5 4 5 5 5 5
EV2 ChatGPT-40 3 4 5 3 2 2 4 3 4

Huma 5 5 2 5 5 5 5 5 5
EV3 ChatGPT-40 4 3 5 3 3 3 4 3 3

Huma 5 5 3 5 5 5 5 5 5
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| had an elderly neighbor whose conversations were mind-blowing. He told me one day when his

gathering was devoid of people, and no one was sitting with us: “Oh my son, a secret has been
stirring in my heart for forty years regarding what has been discussed during this lengthy period
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Meter Precision  Recall fiil, Accuracy

score
Basit 098 0.98 098 098
Khafif 0.96 0.96 096 0.96
Rajaz 0.88 0.83 085 0.83
Ramal 092 093 092 093
Sari 091 0.90 0.90 0.90
Tawil 0.99 0.98 098 0.98
Kamil 094 0.96 095 0.96
Mutadarik 0.84 0.83 083 0.83
Mutagarib 095 0.96 095 0.96
Muijtath 0.86 0.89 087 0.89
Madid 0.84 0.82 083 0.82
Munsarih 093 0.89 091 0.89
Hazaj 071 074 073 074

Wafir 097 0.96 097 0.96
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Reference Technique use
number of hidden layers

Dataset size Accuracy B

Al-shaibani et al. (2020 Bi-GRU-5 55,400 verses 94.32% (full-verse), 88.80% (half-verse) -
Abandah et al. (2020 Bi-LSTM-4 1,657,003 verses | 97.27% (full-verse) 0.97 (full-verse)
Yousef etal. (2019 Bi-LSTM-7 1,722,321 verses | 96.38% (full-verse) =

‘The proposed work Bi-LSTM-3 1,646,771 verses | 97.53% (full-verse), 95.23% (half-verse)  0.98 (full-verse), 0.95 (half-verse)
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Models Hidden layers Parameters (in Accuracy Training Epochs  Training time (in

millions) hours)
LST™ 1 034 09720 2 89.95
2 086 0.9733 2 148.17
3 138 09737 35 286.15
GRU 1 026 09710 2 16693
2 065 09723 37 212.63
3 105 09726 60 455.93
Bi-LSTM 1 067 0.9698 19 11002
2 224 09744 2 249.97

3 382 09753 2 442.50
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Iy = tanh(C,)-0,
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