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Abstract

English financial NLP has advanced rapidly
through benchmarks targeting earnings analy-
sis, market sentiment, tabular reasoning, and
financial question answering, yet Arabic finan-
cial NLP remains virtually nonexistent, de-
spite 422 million speakers, $4.9 trillion in
Gulf sovereign wealth, and a $4-5 trillion Is-
lamic finance industry requiring specialized
Shari’ah compliance over instruments like
sukuk, murabaha, and takaful. We introduce
SauM, the first Arabic financial benchmark
spanning seven tasks: AAOIFI standards QA,
fatwa-based QA/MCQ, accounting and busi-
ness exams, financial sentiment analysis, ex-
tractive summarization, and event-cause rea-
soning, comprising 14,380 expert-verified in-
stances from authentic regulatory, juristic, and
corporate sources. Evaluating 20 LLMs, we
find Arabic fluency does not imply financial
reasoning: models achieving 91% on recog-
nition tasks drop sharply on generation, and
event-cause reasoning exposes the widest per-
formance gap (1.89-9.84/10). We release the
benchmark and dataset to support trustworthy
Arabic financial assistants.

1 Introduction

The Gulf Cooperation Council (GCC) generates
large volumes of Arabic financial text, including
central bank reports, regulatory filings, corporate
disclosures, and fatwas that provide jurispruden-
tial rulings. Despite this, evaluation of Large
Language Models (LLMs) on Arabic financial
content remains limited. English financial NLP
has advanced rapidly through dedicated bench-
marks (Maia et al., 2018a; Zhu et al., 2021; Chen
et al., 2021, 2022; Zhao et al., 2024; Xie et al.,
2025), with multilingual extensions for other lan-
guages (Nie et al., 2025; Zhang et al., 2024; Peng
et al., 2025a,b).

*Corresponding author

Arabic benchmarks remain limited in scope: Ar-
Banking77 (Jarrar et al., 2023) addresses only
banking intent, and Arabic-centric LLMs (Sen-
gupta et al., 2023; Team, 2025; Heakl et al., 2025a;
Abbas et al., 2025) have not been evaluated on
financial domains. Islamic finance further illus-
trates this gap. Unlike conventional finance, it
requires Shari’ah review guided by standards is-
sued by AAOIFI.! Although resources such as Fat-
waset (Alyemny et al., 2023) and Hajj FQA (Aleid
and Azmi, 2025) exist, they focus on general juris-
tic QA rather than financial reasoning. As a result,
LLMs remain untested on tasks that combine legal
and financial analysis.

We introduce Sanwm, the first Arabic financial
NLP benchmark unifying modern finance and
Islamic jurisprudence, two high-stakes domains
shaping trillions in assets yet missing from LLM
evaluation. This enables joint evaluation of com-
pliance and financial reasoning. SAHM spans seven
expert-verified tasks grounded in AAOIFI stan-
dards, fatwa archives from seven countries, and
corporate disclosures (Figure 1). Evaluating 20
LLMs reveals that Arabic fluency does not guaran-
tee financial reasoning: base Arabic models rank
in the bottom 25% despite being designed for Ara-
bic. However, fine-tuning on Sanm closes this gap:
domain-adapted models gain up to +26 points on
Accounting and +25 points on Business, enabling
7-8B models to surpass GPT-5 and match 72B
open-source baselines. Our contributions:

* The first Arabic finance benchmark (14,380 in-
stances; 7 tasks) jointly evaluating Shari’ah-
compliant reasoning (fatwa QA, Islamic fi-
nance standards) and core financial competen-
cies (accounting MCQ, sentiment, event-cause
QA), addressing a major resource gap for Ara-
bic financial NLP.

"https://aaoifi.com
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Figure 1: Examples of the diverse tasks included in SAHM, covering juristic Q&A, business and accounting
MCQs, financial sentiment analysis, report summarization, & event causal reasoning.

* A comprehensive benchmark of 20 LLMs show-
ing that Arabic fluency does not guarantee fi-
nancial reasoning: models that score up to 91%
on MCQ-style tasks degrade substantially on
open-ended generation, with the largest gap on
Event—Cause QA (1.89-9.84/10).

» Evidence that targeted adaptation rivals scale
for Arabic financial NLP: fine-tuning on SAHM
yields two complementary 7-8B models SauMm-
ALLAM-7B (peak accuracy, surpassing GPT-
5 by +21.3 points on Business MCQ, 93.99%
vs. 72.68%) and SAHM-JA1s-8B (uniformly pos-
itive transfer across all tasks) while matching
72B open-source baselines on average demon-
strating ~10x parameter efficiency and estab-
lishing domain adaptation as a practical, cost-
effective route to trustworthy Arabic financial
assistants where frontier API access may be lim-
ited.

2 Related Work

Financial NLP Benchmarks: English financial
NLP has matured through progressively challeng-
ing benchmarks. Early work focused on classifi-
cation and extraction (Araci, 2019), while recent
datasets target numerical reasoning over tables
(FinQA (Chen et al., 2021), TAT-QA (Zhu et al.,
2021)), multi-turn dialogue (ConvFinQA (Chen
et al., 2022)), and chain-of-thought verification
(FinChain (Xie et al., 2025)). Comprehensive
suites such as FinBen (Xie et al.,, 2024) and
PIXIU (Xie et al., 2023) now span 24 tasks includ-
ing sentiment, NER, and argument mining.

Multilingual extensions have emerged for Chi-
nese (CFinBench (Nie et al., 2025)), and Greek
(Plutus (Peng et al., 2025a)), demonstrating that
culturally grounded evaluation reveals failure
modes invisible in English-only testing. Yet Ara-
bic, spoken by 422M people across economies
managing $4.9T in sovereign wealth (Alhajraf,
2025), lacks any comparable financial benchmark.

Arabic NLP and the Evaluation Gap: Arabic
resources have grown substantially, but remain
shallow in financial coverage. ArBanking77 (Jar-
rar et al., 2023) addresses banking intent detec-
tion; Fatwaset (Alyemny et al., 2023) and Hajj-
FQA (Aleid and Azmi, 2025) target religious QA.
These datasets support general understanding but
not reasoning for compliance, numerical analy-
sis, or Shari’ah-aligned decisions. This gap is
critical in high-stakes financial settings, where
incorrect reasoning can lead to regulatory viola-
tions or financial loss. Moreover, the absence
of targeted benchmarks limits our ability to di-
agnose and improve model performance in real-
world Arabic financial applications. This gap is
significant as Arabic financial texts present dis-
tinct challenges: mixed numeral systems (East-
ern -\ Y¥ and Western 0123), code-switching with
English acronyms (IFRS, AAOIFI), and domain-
specific terminology from Islamic jurisprudence
(riba, gharar, sukuk). Meanwhile, Arabic-centric
LLMs, including Jais (Sengupta et al., 2023),
Falcon-Arabic (Team, 2025), AIN (Heakl et al.,
2025a), and Fanar (Abbas et al., 2025), are evalu-
ated only on generic benchmarks that ignore these
complexities.
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Figure 2: Pipeline for constructing the Islamic Finance Shari’ah Standards QA dataset. A hybrid LLMs-
human pipeline converts AAOIFI standards into QA pairs through OCR and generation stages, each followed by
expert verification to ensure linguistic accuracy and legal fidelity.

3 Samm

We introduce Saum, a comprehensive benchmark
for evaluating Arabic financial reasoning across di-
verse, real-world tasks spanning Islamic finance,
accounting, and market analysis. The benchmark
is designed to capture both rule-based reasoning
grounded in Shari’ah standards and applied finan-
cial understanding in authentic Arabic contexts. It
covers multiple task formats, including question
answering, multiple-choice reasoning, sentiment
analysis, and summarization, enabling holistic as-
sessment of model capabilities. Table 1 provides
an overview of dataset composition, task distribu-
tion, and train—test splits.

3.1 Islamic Finance Shari’ah Standards QA

Finance in the Gulf and the wider MENA region
differs from Western systems: banks, insurers, and
capital markets must comply with Islamic prin-
ciples governed by detailed Shari’ah standards.
Frameworks such as AAOIFI and local regula-
tions specify how financial instruments are struc-
tured, e.g., lease-to-own arrangements in [jara
(s,l>)) and compliance requirements for Sukuk?
issuance (Pomeranz, 1997, Islamic Financial Ser-
vices Board (IFSB), 2024; Saudi Central Bank,
2024). Yet, most financial benchmarks assume
Western instruments (e.g., interest-bearing loans,
conventional bonds), leaving models untested on
region-specific reasoning about contract permissi-
bility, legal constraints, and Shari’ah compliance.
To address this gap, we construct the first Islamic
Shari’ah Standards QA dataset from the 1,264-
page AAOIFI compendium spanning 52 standards,
enabling systematic evaluation of rule-based Is-
lamic financial reasoning.

24 K (sukuk) are Shari’ah-compliant financial certifi-
cates representing ownership in underlying assets rather than
interest-bearing debt.

We built the dataset through a multi-step
pipeline that converts the AAOIFI compendium
into text via OCR with Gemini-2.5-Pro (Google
Cloud, 2025) (Appendix A provides details) rec-
ommended by Heakl et al. (2025b). Two Islamic
finance experts verified the text, preserving diacrit-
ics, numerals, and domain-specific terms. In a re-
view of a 25% sample, experts measured a high
exact-match rate of 98.7 + 0.7% (95% CI) and
strong inter-annotator agreement (x = 0.962), con-
firming OCR reliability. The remaining 1.3% mis-
matches were minor orthographic or formatting is-
sues (e.g., spacing, punctuation, diacritics), which
were corrected in the canonical text; no errors al-
tered the substance of any Shari’ah ruling. Af-
ter cleanup, we grouped the verified text into the-
matic clusters (e.g., Murabaha) and used Gemini-
2.5-Pro to draft candidate Arabic question—answer
pairs. Domain experts refined and validated the
samples to ensure each question captured the cor-
rect ruling with all conditions and exceptions. This
human-in-the-loop pipeline transforms dense regu-
latory prose into high-quality, legally faithful QA
pairs for benchmarking Shari’ah-compliant finan-
cial reasoning (Figures 1, 2).

3.2 Islamic Financial Fatwa QA

We scraped fatwa archives from 13 official web-
sites across 7 Arab countries to capture the breadth
of real-world financial questions Muslims ask (Ta-
ble 5). The initial crawl yielded 20k fatwas,
which we cross-checked against the public Fat-
waSet (Alyemny et al., 2023) to remove duplicates
and then organized into 11 finance-related cate-
gories (Table 7), including & (almsgiving), L,
(usury), and £ » (cost-plus financing). We then
transformed these long, formal texts into concise
QA pairs via Gemini-2.5-pro while preserving
their juristic meaning.
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Task Dataset

N  Avg. Words (Input) Avg. Chars (Input) Avg. Words (Answer) Avg. Chars (Answer)

Accounting Exams MCQ 167 111.5 £91.1 674.3 £ 550.5 1.0 £0.0 1.0 £0.0
MCQ Business Exams MCQ 183 463 +12.2 298.3 + 71.6 1.0£0.0 1.0+ 0.0
Islamic Financial Fatwa MCQ 2,000 93.1 +£14.7 536.7 + 82.6 1.0+ 0.0 1.0+ 0.0
Financial Report Sentiment Analysis MCQ 80 2923 +139.3 1,780.7 + 841.9 1.0£0.0 1.0 £0.0
Event—Cause Reasoning QA 80 413.6 +£299.9 2,503.7 + 1,752.1 350.6 £ 101.8 2,170.4 + 635.8
Open-Ended Islamic Fatwa QA 2,000 64.1 £36.2 377.3 +200.6 89.9 +58.4 492.5 +£324.0
Islamic Shari'a Standards QA 811 140.1 £5.2 287.0 +39.5 3324220 192.1 £129.8
Report Extractive Summarization 80 3554 +£1654 2,144.3 +£972.3 157.4 £ 66.5 929.1 £391.7

Table 1: Dataset statistics for SAHM. Mean =+ standard deviation of word and character counts per instance,
computed over the test split of each dataset. For MCQ tasks the answer is a single letter (A-D), hence the constant

1.0 word/char count.

Specifically, we removed introductory invoca-
tions (e.g., "l Jsmy Je ol 330l cdd 1+1) and

rhetorical openers (e.g., ”da; Lj“) to expose the core
inquiry and ruling. We stripped HTML artifacts
and redundant navigational references while retain-
ing key metadata such as source URLS for traceabil-
ity. This normalization step reduces noise and stan-
dardizes inputs for downstream QA construction.
It also ensures that models focus on substantive
legal content rather than stylistic variations. This
pipeline removes greetings, honorifics, hyperlinks,
and scholar names while preserving Qur°anic ci-
tations, juristic terminology, and legal reasoning.
Further details in Appendix B. Two native Arabic
speakers manually reviewed 10% of the normal-
ized data from each category to verify clarity, lin-
guistic fidelity, and domain correctness. This pro-
cess resulted in exactly 9,953 high-quality training
samples and 2,000 held-out finance-focused test
cases (Figure 1).

Afterwards, we converted each test QA pair
into multiple-choice (MCQ) format via Gemini-
2.5-Pro, enabling both open-ended fatwa reason-
ing and recognition-style testing. Each MCQ
consists of one correct answer derived from the
source fatwa and three plausible distractors reflect-
ing common misconceptions. Two native Ara-
bic annotators independently reviewed the test set
to assess MCQ correctness, alignment with the
source fatwa, and distractor plausibility. The an-
notators achieved high agreement (Cohen’s Kk =
0.89). Following this pilot phase, we conducted
a calibration round in which annotators discussed
disagreements, resolved ambiguous cases, and re-
fined shared labeling criteria. One annotator val-
idated the remaining MCQs, ensuring alignment
with source fatwas, correct terminology, and no
misleading options. A final audit confirmed that
95% of MCQs aligned exactly with their original
QA pairs; we discarded the remaining 5% and ex-
cluded them from evaluation.

3.3 Business & Accounting Exams MCQ

Professional accounting assessment resources re-
main largely English-centric, with key certifica-
tions such as the CPA exam conducted exclusively
in English. To address this gap and the limited
availability of Arabic training materials despite the
existence of IFRS translations, we design cultur-
ally and linguistically adapted MCQ samples cov-
ering IFRS treatments, financial ratios, budgeting,
and costing, incorporating authentic Arabic finan-
cial terminology such as J ,,;\H Olyss Jars (asset
turnover ratio) and &€ &)1 567y (corporate almsgiv-
ing) within contextually accurate scenarios rather
than direct translations of Western exam questions
(Appendix D). We constructed the dataset by col-
lecting 10 business exams and 8 accounting exams
from multiple Arabic-speaking countries. We ex-
tract the text from the exam PDFs via Gemini-2.5-
Pro following Heakl et al. (2025b), after which
two native Arabic-speaking annotators reviewed
by comparing the OCR output against the original
questions, correcting recognition errors, and vali-
dating formatting. The final dataset contains 457
business questions and 416 accounting questions,
examples in Figure 1.

3.4 Financial Report Sentiment Analysis

Despite managing trillions in assets, Arabic mar-
kets lack region-specific sentiment benchmarks.
Existing English datasets (Maia et al., 2018b)
focus on Western market narratives and do
not capture signals central to MENA markets,
including OPEC+ production decisions, 2,5
(sukuk) issuances, subsidy reforms, and Shari’ah-
compliance rulings. These challenges are ampli-
fied by culturally grounded terminology, e.g., &=! »
(cost-plus financing), and stylistic variation in Ara-
bic reporting, where subtle modifiers can reverse
sentiment polarity. To address this gap, We con-
struct the first Arabic financial sentiment bench-
mark from authentic market reports.

34512



We collect 200 Arabic financial reports, 100 Is-
lamic finance—focused and 100 general, from Ar-
gaam’, and annotate them with three document-
level sentiment labels: Positive, Negative, and
Neutral. Two native Arabic annotators labeled all
reports using a custom web-based platform (Fig-
ure 13) following guidelines emphasizing holis-
tic document interpretation, achieving high agree-
ment (x = 0.91). We then conducted a calibration
phase to resolve disagreements and refine criteria.
For mixed-signal reports, we assign the dominant
polarity if >60% of content supports it; otherwise
Neutral, with a third expert adjudicating residual
disagreements. The dataset is split into 120 train-
ing and 80 test reports.

3.5 Report Extractive Summarization

Extractive summarization is critical for Arabic fi-
nancial reporting, where annual reports are writ-
ten in Arabic but frequently contain mixed numeral
systems, embedded English financial acronyms
and brand names rendered in Arabic script (e.g.,
GU el 2,00 elall / IFRS and o gl il
/ HSBC), and specialized Islamic finance termi-
nology such as £ ,S. (sukuk). Misinterpreting or
omitting these elements can distort regulatory in-
terpretation, compliance assessment, and financial
valuation. To support this task, we compile 200
Arabic financial reports, 100 general and 100 Is-
lamic from Argaam and annotate them with ex-
tractive summaries written in Arabic by two na-
tive Arabic speakers. Rather than treating sum-
marization as a subjective agreement task, we use
ROUGE (Lin, 2004) to measure overlap between
independently produced summaries as a consis-
tency check and select the more complete sum-
mary as the gold reference. We split the dataset
into 120 training reports and 80 test reports. Fur-
ther details in Appendix F.

3.6 Event-Cause Reasoning QA

Financial event-cause reasoning is underexplored
in Arabic due to the lack of datasets that require
models to explain why financial events occur and
what implications they entail. To address this
gap, we introduce an event-cause reasoning task
that evaluates whether models can analyze Arabic
financial reports and produce analytical explana-
tions grounded in reported financial data, includ-
ing market movements and £,$, issuances.

*https://www.argaam.com/

We collect 200 Arabic financial reports (100 Is-
lamic, 100 general) from Argaam. Two native Ara-
bic financial experts annotate each report by cre-
ating one analytical question linking multiple data
points and a concise answer explaining causes and
implications using only the article content; a pi-
lot on 20 reports ensures guideline clarity. De-
tails are in Appendix G. We assess quality via Co-
hen’s k = 0.86 for event-cause identification and
ROUGE overlap for answer consistency. After cal-
ibration to resolve disagreements, one expert com-
pletes the remaining annotations under the agreed
criteria.

4 Experiments

Evaluated Models: We evaluated 20 models
spanning Arabic-centric models (Bari et al., 2024;
Abbas et al., 2025; silma-ai, 2024) (publicly avail-
able instruction-tuned systems for regional adap-
tation), open-weight models (Riviere et al., 2024;
Kamath et al., 2025; Grattafiori et al., 2024; Yang
et al., 2024; Jiang et al., 2024) (strong multilingual
and general-purpose baselines), and proprietary
models (Hurst et al., 2024; OpenAl, 2025; An-
thropic, 2025b,c,a; Google, 2024), enabling con-
trolled analysis across language, scale, and capabil-
ity dimensions. To assess whether domain-specific
fine-tuning can close the gap between Arabic-
centric and frontier models, we fine-tune three Ara-
bic LLMs (ALLAM-7B, Jais-2-8B, and SILMA-
9B) on the SauM training split using LoRA (r=64,
a=128, Ir=2e-4, 3 epochs). Detailed model speci-
fications are provided in Table 6.

We evaluate Accounting Exams, Business Ex-
ams, Fatwa MCQ, and Financial Sentiment with
exact-match accuracy, normalizing free-form out-
puts (e.g., option text/letters) to a single choice be-
fore scoring (Appendix H). For extractive summa-
rization, we report ROUGE-F1 (ROUGE-1/2/L)
against gold extractive references (models are in-
structed to output verbatim sentences). For Fatwa
QA, Shari’ah Standards QA, and Event-Cause QA,
we use Gemini-2.5-Flash as an LLM-as-a-judge
(blind to model identity). Given the Arabic prompt,
gold reference, and model answer, it returns a
JSON-validated additive [0, 10] score based on a
shared rubric assessing alignment with the refer-
ence ruling or conclusion, preservation of key con-
straints or quantitative fidelity, correctness (doc-
trinal, factual, or financial), Arabic clarity, and
grounding.
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MCQ (Accuracy % 1)

Open-Ended QA (Score 0-10 1)

Model Datasets

Datasets

Accounting  Business

Fatwa Sentiment Mean

Event-Cause QA Islamic-Standards-QA  Fatwa-QA  Mean

Open-source Models: > 70B Parameters

Qwen2.5-72B-Instruct (Yang et al., 2024) 65871270 74.8610.32 84.6510.33

75001105 75.10

8.1000-0.10 563301010 539124006 6.3747

LLaMA-3.1-70B (Grattafiori et al., 2024)  52.101079 77.601114 84901015 80.00433; 73.65 6.62310.15 37245010 4.7607100s  5.036
Open-source Models: < 70B Parameters
Qwen2.5-14B-Instruct (Yang et al., 2024)  49.104303 63394083 76.05:085 57.501380 61.51 7.497540.10 4.8806+010 4.05764006 5.4786
Qwen2.5-7B-Instruct (Yang et al., 2024) 48501985 59.564114 70.001098 55.001191 58.27 6.10380.12 340395010 2.6815100s 4.0631
Gemma-2-9B-IT (Riviere et al., 2024) 49.104974 63.394383 66.601061 55.001144 58.52 7.143840.08 423064008 3.42664006 4.9336
Gemma-3-27B-IT (Kamath et al., 2025) 53.891016 73.224032 80.65101s 80.001070 71.94 8.71880.05 6.1708400s 5.19294005 6.6942
Gemma-3-4B-IT (Kamath et al., 2025) 38324007 67764032 61.351018 75.004144 60.61 7.4075+0.08 2.8985100s8 247674006 4.2609
LLaMA-3.1-8B (Grattafiori et al., 2024) 41924505 60.664445 64051360 73751577 60.60 492314018 251684012 1.40254008 2.9475
Mixtral-8x7B-Instruct (Jiang et al., 2024) 32931104 60.661063 62.15:0314 70.001070 56.44 4.553840.08 249801008 1.7896400 2.9471
Proprietary Model: Enk d
GPT-5 (OpenAl, 2025) 65.274097 72681126 90.75:045 78751125 76.86 9.683110.03 8.7965+005 8.05154004 8.8437
GPT-40 (Hurst et al., 2024) 60484007 78141030 87.7010.10 77.501000 75.96 8.312540.06 6.65981008 652194004 7.1647
Proprietary Models: General-Purpose
Claude-Opus-4.5 (Anthropic, 2025b) 77.844042 76501114 91.75:033 75.001250 80.27 9.6818.0.03 8.04384005 8.80901003 8.8449
Claude-Sonnet-4.5 (Anthropic, 2025¢) 78444190 76501145 88.15:038 77.50+195 80.15 9.3388.4.0.04 8.2588.4005 7.6049.003 8.4008
Claude-Haiku-4.5 (Anthropic, 2025a) 67.664180 73.77+130 84901040 7750118 75.96 9.105040.05 7.000210.07 6.53414005 7.5464
Gemini-3-Flash (preview) (Google, 2024)  76.05+195 74.8640.95 89901030 81.25:1125 80.52 9.8369-.0.02 9.1649.003 9.1571.002 9.0798
GPT-40-mini (Hurst et al., 2024) 58.0842.10 77.601040 81.751020 75.001050 73.61 7.961310.08 560941010 530874006 6.2931
Arabic Models
ALLAM-7B (Bari et al., 2024) 44914355 68311383 74401283 58751200 61.59 6.887510.10 493641008 421851005 5.3475
Fanar-1-9B (Abbas et al., 2025) 47314049 66121167 74451035 58751260 61.66 7.5850+0.10 496071008 4460041006 5.6686
SILMA-9B (silma-ai, 2024) 50.9042173 69404661 62.554557 30.004375 53.21 1.8969+0.20 3.35471012 2.07114008 2.4409
Jais-2-8B (Sengupta et al., 2023) 35334300 60.304280 66.101180 46.2541950 52.00 4.692240.15 42455010 251474008 3.8133

Table 2: Unified leaderboard comparing MCQ tasks (Accuracy %) and open-ended QA tasks (Score 0-10).
Values shown as mean_ 4 over 3 runs; open-ended scores are judged by two independent LLM judges. Open-ended
QA Mean is averaged over Event-Cause QA, Islamic-Standards-QA, and Fatwa-QA.

~&- Gemini-2.5-Flash  —i— Gemma-2-9B —%+ GPT-40-mini

R 801 |

> T +

(@) R T /

@ 60 [ SR

S —3<<_

o, | " 1 o |

Q 40 & H

< /:\_{—K-—'x A— A1

Do) — 1

= ;/

S

S ‘ ‘ ‘ ‘ ‘
100 200 300 400 500

Number of Reasoning Tokens

Figure 3: Effect of reasoning token budget on rul-
ing accuracy. Green indicates improvement with in-
creased budget, red indicates decline, and blue indicates
no change.

We validate the judge with two expert Arabic an-
notators on 200 randomly sampled outputs across
the three tasks (MSE 0.41, Pearson r=0.92; inter-
annotator agreement x=0.84 on discretized scores;
Appendix J). All judge and model generations
use greedy decoding (temperature 0; no sampling)
with fixed maximum lengths; full prompts, rubrics,
schema, critical checks, and settings appear in Ap-
pendix J. We organize our findings around three
core questions: (1) How do models perform across
recognition versus generation tasks? (2) What dis-
tinguishes strong Arabic financial reasoning from
mere language fluency? (3) Where do models sys-
tematically fail, and why?

4.1 Main Results

Table 2 summarizes performance across all tasks,
revealing clear disparities across models. We an-
alyze these patterns to identify where models suc-
ceed and fail.

Accounting Reasoning Gap: Shown in Table 2,
Claude models exhibit substantial superiority on
Accounting tasks, with Claude-Sonnet-4.5 exceed-
ing GPT-5 by over 13% the largest proprietary-to-
proprietary gap in our evaluation. Crucially, this
disparity cannot be attributed to general Arabic lan-
guage proficiency alone, as these models achieve
near-parity on Business (76.50% vs. 72.68%) and
Fatwa (91.75% vs. 90.75%) tasks. We instead at-
tribute this divergence to Claude’s stronger capac-
ity for procedural numerical reasoning, the ability
to apply rule-based standards (e.g., IFRS, Egyp-
tian Auditing Standards) through multi-step logi-
cal chains. This suggests Arabic domain reason-
ing is distinct from general language proficiency,
warranting further study. Notably, Gemini-3-Flash
inverts the recognition—generation tradeoff, achiev-
ing top Open-Ended QA despite moderate MCQ
performance, likely due to longer reasoning chains.
This is supported by Figure 3, where the Gemini
family shows increased ruling accuracy with larger
reasoning token budgets.
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Figure 4: Qualitative error analysis showing representative failure modes. Left: Islamic knowledge error where
Gemma-3-27B incorrectly rules a permissible transaction as forbidden, citing fabricated evidence with wrong word-
ing of authentic Hadith. Right: Concept confusion error where Qwen2.5-72B conflates total interest incurred with

capitalizable interest in a construction loan scenario.
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Figure 5: Models Talk More, Not Better. Despite
models generating 4-6x more fatwas text than human,
models do not achieve proportionally higher accuracy,
indicating that verbosity serves as proxy for uncertainty
rather than expertise.

5 Results

We analyze model behavior across tasks to under-
stand the relationship between Arabic fluency and
financial reasoning. Our findings highlight consis-
tent patterns in performance, generalization, and
failure modes across both recognition and gener-
ation settings.

Arabic Fluency = Domain Reasoning: Event-
Cause QA Exposes the Gap: Arabic-centric
pretraining provides strong foundations for Islamic
jurisprudence tasks, but fails to transfer to finan-
cial reasoning (Accounting, Business). Domain-
specific fine-tuning on SAnM closes this gap across
all Arabic LLMs, with MCQ gains of +13.7%
(SAuM-ALLAM-7B), +5.8% (Sanm-Ja1s-8B), and
+5.2% (SILMA-9B), enabling SaumM-ALLAM-7B
to surpass GPT-5 on Accounting and Business and
match 72B baselines. These improvements high-
light the effectiveness of targeted domain adap-
tation in bridging reasoning gaps. Event-Cause
QA emerges as the “true 1Q test” for Arabic finan-
cial reasoning, exhibiting the widest performance
spread (1.89-9.84), nearly the full scale.

Proprietary models cluster tightly at the top
(9.1-9.8), followed by a sharp drop below 8.7,
exposing the limits of Arabic-centric models on
causal financial reasoning. Language fluency does
not imply domain reasoning: the task requires
compositional causal inference that neither Arabic
pretraining nor scale alone provides. Qualitative
analysis (Figure 4) reveals two dominant failure
modes: ungrounded use of Islamic terminology
(e.g., Gemma-3-27B fabricating hadith evidence)
and confusion between related financial concepts
(e.g., Qwen2.5-72B miscomputing capitalizable in-
terest).

The Recognition-Generation Gap: A model
that can identify correct Islamic rulings when pre-
sented as options should, in principle, generate co-
herent fatwas from scratch. Our results challenge
this assumption. On Fatwa MCQ, Claude-Opus-
4.5 and GPT-5 achieve 91.75% and 90.75% ac-
curacy, respectively. However, their Fatwa QA
scores drop to 8.81 and 8.05 out of 10, a gap sug-
gesting that recognition and generation tap funda-
mentally different competencies. Figure 5 illumi-
nates one mechanism behind this gap. Human
fatwas peak at approximately 50 words; model re-
sponses peak at 300 words, a 4-6x inflation. De-
spite this verbosity, models do not achieve propor-
tionally higher scores. We interpret this pattern as
verbosity as uncertainty: when models lack con-
fident knowledge, they hedge with additional text
rather than committing to precise rulings. This
finding has practical implications: response length
may signal answer confidence in Arabic financial
QA systems, and evaluation protocols should dis-
tinguish between recognition and generation to
avoid overestimating reliability.
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Model ROUGE-1 ROUGE-2 ROUGE-L

Proprietary Models — Reasoning-Enhanced

Claude-Opus-4.5 78.22 63.17 64.14
GPT-5 75.19 63.70 64.11
Claude-Sonnet-4.5 79.86 64.98 65.13
Proprietary Models — General-Purpose
Claude-Haiku-4.5 79.39 61.40 63.62
GPT-40-mini 77.79 62.90 64.08
GPT-40 78.91 63.16 63.71
Gemini-3-Flash 49.36 35.83 43.02
Gemini-2.5-Flash 39.46 27.17 36.81
Open-source Models: > 70B parameters
Gemma-3-27B-IT 79.25 63.57 63.42
Qwen2.5-72B-Instruct 40.52 29.50 34.04
Meta-LLaMA-3.1-70B 39.64 31.40 32.65
Open-source Models: < 70B parameters
Qwen2.5-14B-Instruct 44.42 30.90 35.82
Gemma-3-4B-IT 76.52 62.06 60.93
Meta-LLaMA-3.1-8B 66.67 47.92 56.10
Mixtral-8x7B-Instruct 32.71 13.07 23.78
Qwen2.5-7B-Instruct 25.15 12.01 21.86
Arabic Models
Jais-2-8B 73.68 56.54 61.17
Fanar-1-9B-Instruct 60.51 35.97 46.96
ALLaM-7B-Instruct 35.97 22.61 28.24
SILMA-9B-Instruct 27.92 16.66 25.99

Table 3: Extractive summarization performance on Ara-
bic financial reports evaluated using ROUGE F1 (%).

5.1 Extractive Summarization

Table 3 reveals a striking inversion: Claude-
Sonnet-4.5 achieves the highest ROUGE-1 (79.86),
while Gemini-2.5-Flash a strong open-ended rea-
soner collapses to 39.46, underperforming even
GPT-40-mini (77.79). This exposes a fundamental
tension: extractive summarization rewards verba-
tim selection, not generative fluency. Consider a

typical report: (3 @) szl bl Cf.'{ffv -
(Sot Vs e 300 Gy KA o il 2 b

73> by o) dpy,. (Binghatti Development
sﬁccessfully issued additional sukuk... valued at
$300M, listed on the London Stock Exchange and
Nasdaq Dubai). The gold summary must preserve
the entity name, Islamic instrument (sukuk), ex-
act figure, and dual listing elements paraphras-
ing models systematically distort. Surprisingly,
Gemma-3-4B-IT achieves 76.52 ROUGE-1, ri-
valing Claude-Opus-4.5 (78.22) with a fraction
of the parameters, suggesting extraction benefits
from constrained generation rather than extended
reasoning. For Arabic-centric models, domain-
specific tuning is decisive: SAHM-7B-Instruct at-
tains 57.79 ROUGE-L, outperforming ALLaM-7B
by +29.55 points, showing pretraining alone is in-
sufficient.
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Figure 6: Root cause distribution of model errors across
Islamic knowledge and reasoning tasks.

5.2 Domain Adaptation Across Arabic LLMs

We systematically evaluate domain adaptation
across major Arabic-centric LLMs. Table 4 re-
veals three distinct adaptation profiles: (1) high-
gain bases like ALLAM yielding SAumM-ALLAM-
7B with substantial improvement (+13.68%), (2)
stable-gain bases like Jais-2 yielding SAHM-JA1s-
8B with consistent improvement across all MCQ
metrics (+5.78%, with notably strong gains in Sen-
timent +11.72%), and (3) selective-gain bases like
SILMA that improve on some tasks (Sentiment
+23.8%) but regress on others (Accounting -7.8%).

5.3 Error Analysis

To diagnose failure modes, we analyze 500 ran-
domly sampled incorrect responses across all
datasets, grouped by required competence: Is-
lamic Knowledge Errors (Fatwa QA, Shari’ah
Standards QA, Fatwa MCQ) and Reasoning Er-
rors (Accounting, Business, Event-Cause QA);
summarization errors are treated in §5.1 and sen-
timent via accuracy. The two annotators (see §3)
jointly adjudicated each error against the gold ref-
erence through a consensus protocol, addition-
ally verifying cited religious evidence for Islamic
tasks. Consensus over independent annotation
with post-hoc IAA maximizes taxonomy coverage
and ensures consistent categorization across het-
erogeneous errors requiring both jurisprudential
and financial expertise.

Error Breakdown: Figure 6 shows two domi-
nant error types: Misunderstanding Concept and
Wrong Ruling, accounting for 58.5% of failures.
Fabricated Evidence (11.4%) and Hallucination
(9.3%) follow. Calculation errors are rare (0.3%);
models struggle not with arithmetic, but with se-
lecting the correct computation.
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MCQ (Accuracy % 1)

Open-Ended QA (Score 0-10 1)

Model Accounting  Business Fatwa Sentiment Mean Event-Cause Fatwa-QA Islamic-Std Mean
Base Models
ALLAM-7B 4491 68.31 74.40 58.75 61.59 6.89 4.94 4.22 5.35
Jais-2-8B 3533 60.30 66.10 46.25 52.00 4.69 2.51 4.24 3.81
SILMA-9B 50.90 69.40 62.55 30.00 53.21 1.90 3.35 2.07 2.44
Fine-tuned Models

SaamM-ALLAM-7B 71.40 (+26.5) 93.99 (+25.7) 7445 (+0.1) 61.25 (+2.5) 75.27 (+13.7) 6.79 (-0.1) 6.48 (+1.5) 4.12 -0.1) 5.80 (+0.5)
Sanm-JArs-8B 40.72 (+5.4)  62.30 (+2.00  70.14 (+4.0) 57.97 (+11.7) 57.78 (+5.8) 5.25 (+0.6) 4.69 (+2.2) 4.97 +0.7)  4.97 (+1.16)
SILMA-9B (fine-tuned) 43.11 (7.8)  75.96 +6.6)  60.60 (-2.0) 53.75 (+23.8) 58.36 (+5.2) 2.01 +0.1) 3.67 (+0.3) 3.67 (+1.6) 3.12 +0.7)

Table 4: Domain adaptation across Arabic LLMs. MCQ accuracy (%) and Open-Ended QA scores (0—10) before
and after fine-tuning on SauM. Bold model names (SAHM-ALLAM-7B, Saum-Jais-8B) denote the two released
Saum-family artifacts; SILMA-9B is included as a comparison case illustrating that adaptation outcomes depend

on base-model properties.
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Figure 7: Effect of number of evidences from Hadith
and Quran on Ruling Accuracy.

Effect on Evidence Count on Accuracy. Fig-
ure 7 examines whether the presence of scriptural
evidence (Qur’anic verses and hadith) in reference
answers correlates with model accuracy. We ob-
serve a logarithmic relationship: accuracy rises
from 28% with zero evidence to approximately
55% with six or more citations. This pattern ad-
mits two interpretations. Optimistically, models
may leverage textual evidence as grounding sig-
nals. Pessimistically, questions with more evi-
dence may simply be easier or more frequently rep-
resented in training data. The increased variance
at higher evidence counts (shaded region) suggests
the relationship is not deterministic.

6 Conclusion and Future Work

We introduce Sanm, the first Arabic financial
NLP benchmark integrating modern finance and
Shari’ah-compliant reasoning across seven tasks.
Evaluating 20 LLMs shows Arabic fluency does
not imply financial reasoning, while fine-tuning
on SAHM yields two models: SaumM-ALLAM-7B
surpasses GPT-5 on Accounting and Business and
matches 72B baselines, and SAHM-JA1s-8B shows
consistent gains across tasks, demonstrating that
targeted domain adaptation outperforms scale. We
release all resources to support trustworthy Arabic
financial assistants.

Several directions extend this work. First, SAHM
currently focuses on formal financial text; incor-
porating informal genres such as retail investor
discourse, social media financial discussions, and
dialectal Arabic would broaden coverage. Sec-
ond, Arabic financial reports frequently contain
tables, charts, and mixed-format documents; ex-
tending the benchmark to multimodal reasoning
over structured financial data is a natural next step.
Third, our evaluation assesses answer correctness
but not evidence traceability; future metrics should
explicitly verify cited Qur’anic verses, hadith re-
ports, and AAOIFI standard references. Fourth,
cross-lingual transfer from English financial bench-
marks to Arabic remains unexplored; investigat-
ing whether English financial reasoning capabili-
ties transfer to Arabic could reduce data require-
ments. Finally, regional variation in Shari’ah inter-
pretation across different supervisory bodies war-
rants task variants that evaluate model robustness
to jurisdictional differences in Islamic finance rul-
ings.

More broadly, SAaM highlights the need for eval-
uation frameworks that move beyond surface-level
language proficiency toward domain-grounded
reasoning in high-stakes settings. As financial
decision-making increasingly relies on LLMs, en-
suring correctness, transparency, and alignment
with regulatory and ethical standards becomes crit-
ical. Our findings also underscore the importance
of culturally and legally informed benchmarks in
shaping reliable Al systems for specialized do-
mains. We hope this work motivates research on
trustworthy Arabic financial Al, bridging language
understanding, legal compliance, and real-world
applicability, enabling safe and effective deploy-
ment across diverse financial and regulatory set-
tings.
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Limitations

Scope and coverage. Sanwm is built from curated,
document-grounded sources and covers as much of
the available public material as feasible; however,
practical access and usage constraints on some on-
line sources limit the extent to which additional
genres can be incorporated at this time. As a re-
sult, while the benchmark provides strong prove-
nance and reduces ambiguity, it does not yet cover
all Arabic financial genres (e.g., informal retail-
investor discourse) or fully capture regional and in-
stitutional variation in Arabic financial writing.

Shari’ah-related content. For Shari’ah-oriented
questions, SAHM evaluates faithfulness to the ref-
erenced material and the reasoning constraints re-
flected in the provided sources; since interpreta-
tions may differ across jurisdictions and supervi-
sory bodies, the benchmark is not intended to ad-
judicate between schools of thought, but rather to
test source-grounded answering under the stated as-
sumptions.

Future evaluation directions. As future work, we
plan to develop evaluation metrics that explicitly
assess (i) the existence and correctness of cited,
source-verifiable evidence including traceable sup-
port from the underlying materials (e.g., fatwa
text, and financial report statements) and, when
answers cite religious evidence, the correctness of
references such as Qur’anic verses, hadith reports,
or named figh sources; and (ii) the accuracy of
book/standard citations in model outputs (e.g., cor-
rect document title, section/article identifiers, and
pointers that match the relevant source segment),
enabling more direct measurement of citation faith-
fulness and evidence-groundedness.

Ethical Statement and Broad Impact

Licensing. We release Saum under a dual li-
cense: (1) code and evaluation scripts under MIT
License, and (2) annotation data under CC BY-NC
4.0, restricting commercial use while enabling aca-
demic research. Users must independently obtain
source documents where applicable.

Availability. The benchmark data, models,
and evaluation scripts are publicly available at
https://huggingface.co/SahmBenchmark,
https://github.com/mbzuai-nlp/SAHM.
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A Islamic Finance Shari’ah Standards
QA: Sources and Processing

OCR Quality Evaluation. We developed a ded-
icated OCR quality evaluation tool to systemati-
cally assess recognition accuracy in Arabic legal—
financial documents. The tool compares raw
machine-extracted text against both the original
scanned page and a manually corrected refer-
ence, enabling fine-grained verification of OCR
fidelity at the page level. For each document,
the system pairs a scanned page image (e.g.,
page_ 001.png) with its corresponding OCR out-
put (page__001.txt) and presents them side by side:
the original page image appears in the left panel,
while the OCR-generated Arabic text is shown on
the right. Annotators inspect these pairs to iden-
tify errors such as ss2es 2 (missing text), <2 jj
i=z® ¢ (incorrect characters), ¢ bl & sy
(incorrect word order), and 3! 314& (formatting
loss). When needed, they correct the OCR output
using an editable field while monitoring a live simi-
larity score reflecting the edit distance between the
corrected and original text.

In addition to corrections, annotators label com-
mon OCR failure modes, including distorted sym-
bols (as ;4w 4ols jse,), punctuation errors (Ao
(:3 Al Olede), and inaccurate numerals (& <.13 j
4255), and may add comments on recurring is-
sues such as confusion between similar characters
(e.g., < vs. O) or misinterpreted Sl The sys-
tem computes a quality score via character-level
edit distance, mapping similarity to four categories:
Excellent (>95%), Good (80-95%), Partial (50—
80%), and Poor (<50%). All steps are logged as
structured JSON records (text, scores, error types,
comments, timestamps), ensuring reproducibility
and auditability.

Beyond per-page inspection, the pipeline en-
ables aggregate OCR analysis across document
collections, identifying systematic errors, bench-
marking quality across diverse Arabic sources, and
informing downstream normalization and model
refinement. Overall, this human-in-the-loop ap-
proach ensures that OCR text used in Arabic finan-
cial NLP benchmarks and training is accurate and
free from errors that could affect (& Il J¥uzeYI
(jurisprudential reasoning) or L}U.\ Jﬁlk:)\ (financial
analysis). Figure 8 illustrates the annotation inter-
face.

Prompt Design: To ensure high-quality OCR ex-
traction, we design a constrained prompt (Figure 9)
that enforces verbatim transcription, preservation
of diacritics and formatting, and strict exclusion
of non-textual artifacts. These constraints are crit-
ical for maintaining fidelity in Arabic legal doc-
uments, where minor textual variations can alter
meaning. Similarly, we construct a controlled
prompt for question—answer generation (Figure 10)
that restricts outputs to the explicit content of the
Shari’ah standards. This design prevents hallucina-
tion, preserves juridical precision, and ensures that
generated QA pairs remain faithful to the source
text.

B Islamic Fatwa Dataset: Sources and
Processing

The purpose of this evaluation is to determine
whether an Al-generated multiple-choice question
(MCQ) accurately tests the same Islamic jurispru-
dence concept as the original ¢ Q&A pair. The
goal is to maintain both pedagogical soundness and
factual correctness. A well-formed MCQ must re-
main conceptually aligned with the original ruling
(A SL\), preserve the main & pseis with-
out distortion, and use appropriaté igs Olodlaas
to reflect the opinion of the original scholar (U;ii\).
Evaluators must ensure that the question targeté the
central legal issue and does not introduce unrelated
details or alter the scenario in a way that changes
the ruling. This evaluation is conducted through
a structured annotation dashboard (Figure 11) that
presents the original fatwa alongside the generated
MCQ for systematic validation. The fatwa Q&A
pairs used in this evaluation are collected from a di-
verse set of authoritative online sources (Table 5).
For an MCQ to be marked as (SBM (RELE-
VANT), it must meet four criteria. First, con-
ceptual alignment (%l 4:l,ll): the question
should test the same core ruling as the source
fatwa and remain faithful to its reasoning and
conditions. Second, answer accuracy (=Y %>
demall): the correct option must match the orig-
inal answer, be contradiction-free, and use precise
legal terms. Third, distractor quality (< ,Ldl 65 5
#b\L)): incorrect options should be plausible yet
clearly wrong, reflecting common misunderstand-
ings. Finally, question clarity (J!3.J) ® 4) the
MCQ must be clearly phrased, grammatically cor-
rect in 4, 4|, and provide enough context to be an-
swerable without referencing the original text.
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Figure 8: OCR quality evaluation interface for the Shari’ah Standards QA dataset. The tool displays each scanned
page from the AAOIFI Shari’ah Standards (left) alongside the OCR-extracted Arabic text (right) to support man-
ual quality verification. Annotators compare the original page with the extracted text, flag recognition errors in
diacritics, numerals, and domain-specific terminology, and add corrective notes (bottom). A progress bar tracks
annotation completion and overall OCR accuracy.

Website Link Country
Dar Al Ifta in Saudi Arabia https://www.alifta.gov.sa/ Saudi Arabia
Dar Al Ifta in Egypt https://www.dar-alifta.org Egypt

Dar Al Ifta in Jordan https://aliftaa.jo Jordan

Al Shaikh Abdual Aziz Ibn Baz https://binbaz.org.sa Saudi Arabia
Al Shaikh Mohammad Ibn Othaimin  https://binothaimeen.net/site Saudi Arabia
Al Shaikh Abdual Aziz Al Ashaikh https://www.mufti.af.org.sa Saudi Arabia
Al Shaikh Saleh Al Fwzan https://www.alfawzan.af.org.sa Saudi Arabia
Al Shaikh Saleh Bin Humaid https://www.ibnhomaid.af.org.sa/  Saudi Arabia
Al Shaikh Abdullah Al Manee https://al-manee.com Saudi Arabia
IslamWeb https://www.islamweb.com Qatar
FatwaPedia https://fatwapedia.com Saudi Arabia
IslamQA https://islamqa.info Syria
IslamOnline https://islamonline.net Qatar

Table 5: Primary online fatwa archives used for collecting Islamic financial question—answer pairs. These official
and widely recognized sites span seven Arab countries, providing diverse juristic opinions and real-world financial
scenarios. The URLs shown correspond to the original Arabic portals from which data was programmatically
scraped and later cleaned for inclusion in the dataset.
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Prompt for Arabic OCR Text Extraction

Task. You are an expert Arabic OCR system spe-
cialized in legal and financial documents. Given a
scanned page image from an official Islamic finance
standard, your task is to extract the text verbatim in
Arabic with maximum fidelity to the original source.

Extraction guidelines.

* Preserve the original wording exactly; do not
paraphrase, summarize, or infer missing content.

* Preserve diacritics ( js<23)) whenever present in
the source.

* Preserve all numerals exactly as written; do not
normalize or convert number formats.

* Preserve punctuation, headings, lists, and para-
graph boundaries as faithfully as possible.

* Do not correct perceived grammatical, typo-
graphical, or stylistic issues.

« If text is unclear or partially illegible, extract the
most faithful representation without guessing.

What to ignore.

* Page numbers, running headers, footers, or deco-
rative elements not part of the main content.

* Marginal artifacts or scanning noise that do not
belong to the text.

Critical rule. Do not add explanations, comments,
translations, or annotations. Output Arabic text only.
Input. A single scanned page image from the
AAOIFI Shari’ah Standards.

Output format. Return the extracted Arabic text as
plain UTF-8 text, preserving line breaks and para-
graph structure.

Figure 9: Prompt for Arabic OCR text extraction with
strict verbatim fidelity and formatting preservation.

Conversely, an MCQ should be marked as ¢
& (NOT RELEVANT) if it fails any major re-
quirement. Conceptual misalignment occurs when
the question tests a different topic, oversimplifies
a complex juristic issue, or changes critical con-
text such as conditions (1  ~~) Or scenarios. Incor-
rect answer issues include a keyed option that con-
tradicts the fatwa, multiple potentially correct an-
swers, or misleading explanations. Poor distractor
quality arises when wrong options are obviously
incorrect, factually wrong about a3 Y\, or too am-
biguous. Technical problems include grammar er-
rors that affect meaning, vague or incomplete ques-
tions, or improper mixing of different _alds in a
way that confuses the intended ruling.

Prompt for Shari’ah Standards Question—
Answer Generation

Task. You are an assistant supporting the creation of
evaluation data for Islamic finance. Given a verified
excerpt from an official Shari’ah standard, your task
is to draft candidate Arabic question—answer pairs
that reflect the explicit ruling stated in the text.

Question generation.

* Formulate a clear, focused question that asks
about the ruling, condition, or permissibility de-
scribed in the excerpt.

* Do not introduce hypothetical scenarios or facts
not present in the source text.

* Ensure the question can be answered directly and
completely from the provided excerpt.

Answer generation.

* Base the answer strictly on the given excerpt; do
not add external knowledge.

* Preserve the original legal meaning, mandatory
conditions, and stated exceptions.

* Do not simplify, reinterpret, or generalize the rul-
ing beyond what the text explicitly states.

e Use formal Arabic consistent with figh al-
mu‘amalat terminology.

Restrictions.

* Do notissue personal opinions or normative judg-
ments.

* Do not cite sources outside the provided text.

* Do not omit conditions, constraints, or qualifiers
that affect the ruling.
Input template. STANDARD_EXCERPT:
{arabic__text}

Output format.

M. 9 N

”question”:
7answer”: 7.7

}

Figure 10: Prompt for generating Arabic QA pairs from
Shari’ah standard excerpts with strict fidelity to explicit
rulings.

The evaluation process follows a clear four-step
workflow. First, read the original Q&A carefully,
identify the primary -, any L, & or exceptions,
and the supporting evidence such as Qur’anic
verses or &.Je. Second, analyze the generated
MCAQ to check conceptual consistency, correct an-
swer faithfulness, and plausibility of distractors.
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Figure 11: Custom annotation interface used to validate automatically generated multiple-choice questions (MCQs)
for the Islamic Finance Fatwa Q&A dataset. The interface displays each original question—answer pair on the left
and the corresponding Al-generated MCQ on the right, including the question, answer options, and the automati-
cally selected correct choice. Annotators review conceptual alignment between the MCQ and the original fatwa,
verify the correctness and terminology of the marked answer, and assess the plausibility and pedagogical value of
distractors. The bottom panel provides structured evaluation criteria and issue tagging to ensure consistent, high-

quality validation.

Third, look for red flags such as contradictions,
oversimplification, missing qualifiers, or scenario
changes. Finally, make a decision: label the MCQ
as ff))\ﬁ if it meets all core criteria (minor language
or formatting issues may be tolerated) or as gm B
if any critical issue is present. This structured ap-
proach ensures that evaluation is consistent, trans-
parent, and preserves the integrity of Islamic legal
reasoning in Al-generated questions.

Normalization Prompt. To standardize fatwa
question—answer pairs, we design a constrained
prompt (Figure 12) that removes non-essential el-
ements such as greetings and formatting artifacts
while preserving the original wording and legal
intent. This ensures consistency across examples
without altering the underlying £ S»

C Evaluated Models

This appendix briefly documents the rationale be-
hind the selection of models evaluated in Table 2,
with model specifications summarized separately
in Table 6. The goal is not comparative analysis,
but transparency regarding model coverage across
language focus, scale, and accessibility.

Arabic-Focused Models.
7B-Instruct (Bari et al.,, 2024), Fanar-1-9B-
Instruct (Abbas et al.,, 2025), and SILMA-
9B-Instruct (silma-ai, 2024) as representative
publicly available Arabic-adapted instruction-
tuned models. These systems span different base
architectures and training strategies, capturing the
diversity of current Arabic-centric efforts.

We include ALLAM-

Open-Source Multilingual Models. We eval-
uvate Qwen2.5 (Yang et al., 2024), LLaMA-
3.1 (Grattafiori et al., 2024), Gemma-2/3 (Riviere
et al., 2024; Kamath et al., 2025), and Mixtral-
8x7B-Instruct (Jiang et al., 2024) as strong open-
weight baselines across scales. These widely used
models provide reference points for general mul-
tilingual performance on Arabic financial and ju-
risprudential tasks.

Proprietary Models. GPT-5 (OpenAl, 2025),
GPT-40 (Hurst et al., 2024), Claude-4.5 vari-
ants (Anthropic, 2025b,c,a), and Gemini-3-
Flash (Google, 2024) serve as closed-source
upper-bound references, contextualizing open and
Arabic-focused models against frontier systems
without implying direct comparability.
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Model Organization

Size Source / Notes

Arabic-Focused Models

ALLAM-7B-Instruct

SDAIA / ALLaM-AI 7B

(Bari et al., 2024)

Fanar-1-9B-Instruct QCRI 9B (Abbas et al., 2025)
SILMA-9B-Instruct SILMA Al 9B (silma-ai, 2024)
Strong Multilingual / General Open-Source Models

Qwen2.5-72B-Instruct Alibaba 72B (Yang et al., 2024)
LLaMA-3.1-70B-Instruct Meta 70B (Grattafiori et al., 2024)
Qwen2.5-14B-Instruct Alibaba 14B (Yang et al., 2024)
Qwen2.5-7B-Instruct Alibaba 7B (Yang et al., 2024)
Gemma-2-9B-IT Google 9B (Riviere et al., 2024)
Gemma-3-27B-IT Google 27B (Kamath et al., 2025)
Gemma-3-4B-IT Google 4B (Kamath et al., 2025)
LLaMA-3.1-8B-Instruct Meta 8B (Grattafiori et al., 2024)
Mixtral-8x7B-Instruct Mistral Al 8x7B (Jiang et al., 2024)

Proprietary Models (Upper-Bound References)

GPT-5 OpenAl
GPT-40 OpenAl
GPT-40-mini OpenAl
Claude Opus 4.5 Anthropic
Claude Sonnet 4.5 Anthropic
Claude Haiku 4.5 Anthropic

Gemini-3-Flash (preview)

Google DeepMind -

- (OpenAl, 2025) (API)

- (Hurst et al., 2024) (API)
- (Hurst et al., 2024) (API)
- (Anthropic, 2025b) (API)
- (Anthropic, 2025¢) (API)
- (Anthropic, 2025a) (API)
(Google, 2024) (API)

Table 6: Models evaluated in this study, grouped into Arabic-focused models, strong multilingual open-source
baselines, and proprietary frontier models used as upper-bound references.

D Business and Accounting Exam
Extraction Prompts

Business and accounting exams in Arabic ex-
hibit heterogeneous layouts, ranging from narra-
tive exercise-based formats to tabular true/false
questions, often with inconsistent formatting and
varying levels of structural clarity across docu-
ments. To reliably extract structured MCQs from
these sources, we use two task-specific prompts tai-
lored to the dominant document formats observed
in the collected exams: an exercise-based extrac-
tion prompt (Figure 18) and a table-oriented extrac-
tion prompt (Figure 19), enabling robust handling
of both free-form and semi-structured exam con-
tent across diverse real-world settings.

E Financial Sentiment Annotation
Guidelines

We annotate Arabic financial reports using a
document-level sentiment scheme designed to re-
flect overall market impact rather than sentence-
level polarity. Annotation follows a structured
human-in-the-loop workflow supported by a cus-
tom web-based interface (Figure 13), with clear,
well-defined decision rules (Figure 14) to ensure
consistency across Islamic and conventional finan-
cial reporting contexts.

F Arabic Finance Extractive
Summarization Annotation Guidelines

We annotate Arabic financial reports for extractive
summarization using a structured human-in-the-
loop workflow supported by a custom web-based
interface (Figure 15) and guided by explicit anno-
tation criteria (Figure 16). This setup standard-
izes the annotation process, reduces subjectivity,
and ensures consistent selection of salient content
across annotators. Arabic financial reports also ex-
hibit recurring linguistic and formatting challenges,
including specialized terminology, frequent code-
switching between Arabic and English, and mixed
numeral systems (Table 8), all of which compli-
cate sentence selection. Annotators are therefore
instructed to carefully identify and select sentences
that preserve key financial facts, numerical values,
and regulatory references, while strictly avoiding
paraphrasing, abstraction, or omission of critical
details to maintain fidelity to the source text.

G Event-Cause Reasoning Annotation
Guidelines

We construct event—cause reasoning instances for
Arabic financial reports using a structured annota-
tion framework with explicit quality control proce-
dures (Figure 17) to ensure consistency, accuracy,
and reliable causal interpretation.
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Prompt for Fatwa Q&A Normalization

Task. You are an expert Arabic copy-editor special-
izing in Islamic finance Q&A. Given a QUESTION
and an ORIGINAL ANSWER, your goal is to pro-
duce a concise, self-contained question and answer
pair in Arabic by removing only non-essential ele-
ments without paraphrasing or changing the juristic
intent. Do not summarize or rephrase; keep the orig-
inal wording as much as possible.

1. Referral flag. Before editing, set
IS MAINLY REFERRAL:

* "YES” if the answer mainly redirects to another
fatwa, link, or reference and does not provide a
substantive independent ruling.

¢ "NO” otherwise.

2. Clean the question. Edit minimally while pre-
serving wording and figh intent:

* Remove greetings, honorifics, and personal ap-
peals (e.g., et Gl A ades ;}c e,
 Remove formal closings (e.g., rﬁﬂ\ ;,«f-j F\;—,U

| ps i),

* Remove the scholar’s name if it is only a form of
address; keep it only if the question explicitly seeks
that scholar’s specific fatwa or opinion.

* Ensure the final question reads as a natural, stan-
dalone query.

3. Clean the answer. Edit minimally while preserv-

ing wording and reasoning:

* Remove formal openings and closings so the an-
swer starts with substantive content.

* Remove all fatwa numbers, hyperlinks, and nav-
igational phrases, editing surrounding text just
enough to remain grammatical.

* Convert Arabic-Indic numerals to Western numer-
als. .

« Remove purely formulaic closings such as 4| ;u 3

and fkci & |s when they are not part of practical ad-

vice.

* Always preserve Qur’anic verses and surah refer-
ences, hadith attributions, and citations of scholars
and their opinions.

Global rule. Always delete all fatwa numbers from
the cleaned question and cleaned answer.

Input template. TITLE: {title}

QUESTION: {question}

ORIGINAL ANSWER: {answer}

Output format.

"IS_ MAINLY REFERRAL”: ”YES” or "NO?”,

”cleaned__question”: ,
?cleaned answer”: ”..

}

Figure 12: Prompt for Arabic fatwa Q&A normaliza-

tion with minimal editing and preservation of juristic
intent.

Category Total Count
Zakat (5§7)) 4,888
Riba (L) 2,454
Murabaha (42! ) 1,389
Gharar (, #) 860
Wagf () 730
Tjara (5,l>)) 571
Maysir () 372
Musharaka (§,l2) 242
Mudharaba (% ,Las) 228
Takaful ( J’aK?) 187
Sukuk (,5) 32
Total records 11,953

Table 7: Distribution of questions across Islamic fi-
nance categories in the final dataset.

Issue Example from the report

S ki, r\.x:.,.J.\ s oo
POl
sty pldl B e Sad”
t\kﬂ\ wlas sy, coladly 454
”... Fitch
@B b vy A Gl e el
vy sle g (OYas Ll vie) —
combines Arabic currency and West-
ern digits

Islamic Finance
Terminology

Code-switching

Mixed Numeral
Systems

Table 8: Key text difficulties in Arabic financial reports
with real examples

H MCQ Answer Normalization and
Scoring

To ensure fair and reproducible evaluation of
multiple-choice questions, we normalize model
outputs before computing accuracy. Large lan-
guage models frequently generate free-form re-
sponses (e.g., explanations, mixed scripts, or mul-
tiple answer mentions) rather than a single option
label.

Normalization procedure. For each model out-
put, we apply the following steps:

* Normalize Unicode and Arabic script by remov-
ing diacritics, collapsing repeated whitespace
and punctuation, and mapping Eastern Arabic
digits (e.g., Y YY'¢) to Western digits (1234).

 Extract the first explicit answer mention using
a cascade of regular expressions that handle:
— Latin option labels (e.g., A, B, “Option C”),
— Arabic option letters (e.g., T o, C)’
— Spelled-out Arabic forms (e.g., sb),
— Numeric indices (e.g., 1-4).
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M Arabic Finance Sentiment Labeling Tool
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Figure 13: Custom annotation platform used to label Arabic financial reports for sentiment analysis. Annotators
reviewed full reports, assigned sentiment classes, and flagged ambiguous cases for expert adjudication.

Document-Level Financial Sentiment An-
notation Guidelines

Core principle. Assign a single sentiment label

based on the overall dominant sentiment of the en-

tire report, not on individual sentences or isolated

phrases.

Annotation procedure.

* Read the complete document before assigning any
label.

¢ Identify the main financial outcome, thesis, and
conclusion.

* Give greater weight to headlines, executive sum-
maries, and concluding sections than to supporting
details.

Handling mixed sentiment.

* Dominant sentiment rule: assign Positive or
Negative if one polarity accounts for more than
60% of the salient content.

* Neutral default: assign Neutral when positive
and negative signals are balanced or when the re-
port is primarily factual.

Decision criteria.

* Positive: growth announcements, profit increases,
successful expansions, or favorable forecasts.

» Negative: losses, declining performance, regula-
tory issues, or adverse outlooks.

* Neutral: factual reporting, balanced analysis, or
informational updates without a clear directional
impact.

Quality control. Annotators label reports indepen-
dently, resolve disagreements during a calibration
phase, and refine shared decision criteria. A third
domain expert adjudicates remaining conflicts. Each
report receives exactly one final sentiment label.

Figure 14: Guidelines for document-level sentiment an-
notation of Arabic financial reports.

Scoring. We compute accuracy as an exact
match between the normalized prediction ¢ and the
gold label y. For example, the output “2 » E1EY

| %l aw” is normalized to B, while “,Ld|
@».,an »( C)” is normalized to C. Outputs that do
not contain a valid option after normalization are
marked incorrect. This procedure ensures that eval-
uation is robust to superficial variation in format-
ting, language mixing, and numeral systems, and
that all models are assessed under a consistent and
deterministic scoring protocol.

I Instruction Templates for SAHM Tasks

To enable a unified instruction-tuning and evalua-
tion setup across heterogeneous tasks, we convert
each SAHM task into a standardized instruction
format. Table 9 lists the canonical task instructions
used in our benchmark, shown in their original Ara-
bic formulation alongside an English translation
for clarity. The Arabic prompts constitute the ac-
tual inputs used during model evaluation, while the
English versions are provided solely to document
task intent and facilitate reproducibility.

J LLM-as-a-Judge Protocol, Validation,
and Reproducibility

J.1 Judge Protocol and Reproducibility

We evaluate the three open-ended tasks (Fatwa QA,
Shari’ah Standards QA, and Event—Cause QA) us-
ing an LLM-as-a-judge setup with Gemini-2.5-
Flash. For each instance, the judge receives: (i)
the Arabic prompt (including any report/excerpt
and question), (ii) the gold reference answer, and
(iii) the model’s candidate answer.
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B Arabic Finance Article Summarization Tool
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Figure 15: Custom web-based annotation interface for extractive summarization. Annotators view Arabic financial
reports, select key sentences containing figures, decisions, and disclosures, and mark them for gold-standard sum-

maries.

The judge is blind to model identity and ob-
serves inputs in fixed, labeled fields (prompt,
ground__truth, candidate_ answer) to avoid po-
sitional ambiguity. It returns a structured JSON
with: (a) rubric sub-scores summing to [0, 10],
(b) task-specific critical error flags (e.g., contradic-
tion with the reference, omission of critical con-
straints, normalization of unlawful elements, or
fabrication/alteration of figures), and (c) a brief
explanation. Task-specific evaluation rubrics are
defined for fatwa QA (Figure 20), Islamic finance
QA (Figure 21), and financial analysis tasks (Fig-
ure 22).

We enforce a strict JSON schema during parsing
to ensure all judge outputs are machine-readable
and consistently structured. If a response is invalid
JSON or violates the schema, we retry once with
the same inputs and an explicit JSON-only instruc-
tion to correct formatting issues without altering
content. Persistent failures are marked invalid and
excluded from aggregate scores, and we report the
invalid-rate as a transparency measure. We run the
judge deterministically (temperature = 0.0, greedy
decoding, max output tokens = 4096), eliminating
randomness.

As aresult, we do not perform repeated judging
or score averaging. This ensures reproducibility
and consistency across all evaluations, yielding sta-
ble outputs under fixed inputs and identical evalu-
ation conditions.

J.2 Human Alignment Study (Judge
Validation)

To validate the LLM judge against expert evalua-
tion, we conduct a human alignment study on 200
randomly sampled open-ended outputs spanning
Fatwa QA, Shari’ah Standards QA, and Event—
Cause QA. Two expert Arabic annotators indepen-
dently score each model response using the same
[0, 10] additive rubric provided to the judge (Sec-
tion J). This setup enables direct comparison be-
tween human and model-based scoring under iden-
tical evaluation criteria.

We compare the judge’s scores (Gemini-2.5-
Flash) to the mean human scores, obtaining an
MSE of 0.41 and Pearson » = 0.92, indicat-
ing strong alignment. Inter-annotator agreement
is high (x = 0.84 computed on discretized in-
teger scores), demonstrating consistent agreement
across annotators.
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Dataset Original Arabic Prompt

English Translated Prompt

Islamic Sharia Standards

WU OMlally LY A Ty les o L
QA )

Gy QU sl e ool cis 1)) Jis) Text:
{Question]. {Output} :ie 2l Loyl ’LBJ il

Based on Islamic finance standards and Shari’ah-
compliant rulings, answer the following question
accurately. Text: Question: {Question}. Answer
(Shari’ah-compliant): {Output}

Islamic Fatwa QA do ol erSla Yl aailly oY my 20 pET e L
K e sV wf ey hade 1k QU J15)
{Question|. :JI5.J| Text: {Output| Answer:

Based on Islamic jurisprudence (figh) and
Shari’ah rulings, answer the following question in
a detailed manner, supported by evidence when
possible. Text: Question: {Question}. Answer:
{Output}

Tslamic Financial Fatwa Uy Gl 2Y) jaly 3le JEI i U
MCQ Va2l VK"Y L&l {Question]. :%\}J\ Text:
{Choices{. + L2 r~dl L) &~ - 21 Answer:

Read the following question carefully and choose
the correct answer according to Shari’ah rul-
ings. Text: Question: {Question}. Choices:
{Choices}. Answer: Output only the correct op-
tion letter.

Accounting Exams MCQ vissdl! 1Y) sy Blw QU1 JI5d) 13 Text:
{Choices{. :<l,Ld! {Question]. :JI5dl Answer:

- P PERS JAp

Read the following question carefully and choose
the correct answer. Text: Question: {Question}.
Choices: {Choices}. Answer: Output only the
correct option letter.

Business Exams MCQ  vimowdll a4l sy 2la JU1 I3 TJE\ Text:
gChoicesg. oL gQuestiong. :dI5)) Answer:

Read the following business/management ques-
tion carefully and choose the correct answer. Text:
Question: {Question}. Choices: {Choices}. An-
swer: Output only the correct option letter.

Financial Report ke o c_aw.l\ Carad) fly JE QU Gl i | 3| Read the following financial report carefully and

Sentiment Analysis | || {Input}. 1, & Text: / glz|) Answer: choose the correct label from an investor’s per-

MCQ (4l / = spective. Text: Report: {Input}. Answer: (Posi-
- = tive / Negative / Neutral).

Report Extractive | saw¥l Ga=dd) r\.\a'.:,ﬂh. QU QW ) Gasds r.a Summarize the following financial report using

Summarization extractive summarization (select sentences verba-

Summarization). (Extractive Ll Y R el
W el 33k 51 s 05 9&,@%{\ o2l e 5k
Ml ks o2 op 40%-30 I Gaslll Je
Aolslly ddly SLLAL B e £, ¢l Text:
glnlzutg. LA ) 0> L asilll ¢~ Answer:
.Cfﬂ

tim, keep original order, target 30—40% length, fo-
cus on numbers/decisions/outcomes/dates). Text:
Report: {Input}. Answer: Output the extractive
summary only (no extra text).

Event—Cause Reasoning

Eve S Mol 5l e ol el QU2 e 2L

cLadb u‘-“ %; SJJ‘)H C)LA}LJ.L r\j\)y\ c &3:} J'M
{Question{. :JI5.J! {Input]. QU &) Text:
{Output| Answer:

Based on the following financial report, answer
the analytical question in a detailed and accurate
way, grounded only in the provided text. Text: Fi-
nancial report: {Input}. Question: {Question}.
Answer: {Output}

Table 9: Instruction templates used for SAHM tasks (Arabic prompts are used in evaluation; English translations

document task intent).

These results indicate that the LLM-as-a-judge
scores closely track expert human judgments under
our rubric, supporting its reliability as an evalua-
tion proxy.

J.3  Cross-Judge Validation of Open-Ended
Evaluations

To address concerns about potential model-family
bias in our LLLM-as-judge evaluation, we re-ran
all open-ended tasks with two independent judges:
Gemini-2.5-Flash (primary) and GPT-4o.

Each model was evaluated 3 times under greedy
decoding, and we report mean=-std across runs for
both judges, ensuring robustness and consistency
of evaluation results. If our primary judge were
favoring Gemini-family models, switching to
GPT-40 should lower their scores; instead, they
rise (Gemini-3-Flash: Islamic-Std 9.18—9.76,
Fatwa 9.17—9.32), the opposite of circular bias.
This consistency supports the robustness of our
evaluation setup.
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Extractive =~ Summarization Annotation

Guidelines

Task overview. Annotators create extractive sum-
maries by selecting the most important sentences ver-
batim from each Arabic financial document. The
goal is to produce a concise summary that preserves
critical financial information and reflects the docu-
ment’s main message.

Document-level assessment.

* Read the entire document before selecting any sen-

tences.

Identify the document type (e.g., earnings report,

regulatory announcement, market analysis, com-

pany news).

Segment the text into sentences using Arabic punc-

tuation marks (¢ ¢ ).

* Target a summary length of approximately 30—
40% of the original document.

Critical content to prioritize. Annotators must in-
clude sentences containing:

* Financial figures: CL* ;\H / sl (profits/losses),
Q\:u;}l\ (revenues), 4 £l .l (percentages).

¢ Performance indicators: . / >2lL£| (growth/de-
cline), tu: ;) / L s (increase/decrease).

 Strategic decisions: 3 pawN) (acquisition),
CbJN\ (merger), & &) (expansion).

* Regulatory or official actions: 4| <!, 3 (au-
thority decisions), <\l (approvals), _as 3! (li-
censes).

Sentence scoring. Each sentence is scored on a 1-5
scale:

* 5: Critical financial data or main announcement.
* 4: Important context or cause—effect explanation.
* 3: Supporting detail required for clarity.

* 2: General market or background information.

* 1: Redundant or generic statements.

Selection procedure.

» Select all sentences scored 5.

* Add sentences scored 4 until the target length is
reached.

* Include a sentence scored 3 only if necessary for
coherence.

Final validation. Before submission, annotators ver-

ify that the summary:

* Includes all key financial figures and the main an-
nouncement.

¢ Is coherent and understandable on its own.

* Falls within the 30-40% length target.

* Avoids repetition and generic background content.

Common errors to avoid.

* Selecting sentences based solely on position in the
document.

* Omitting numerical or regulatory information.

* Including repetitive or stylistic filler content.

* Exceeding the target summary length without jus-
tification.

Figure 16: Guidelines for extractive summarization an-
notation of Arabic financial reports.

Model rankings are preserved across judges:
top-tier models (Gemini-3-Flash, Claude-Opus-
4.5) and bottom-tier models (SILMA-9B, LLaMA-
3.1-8B) remain in the same groupings regardless
of judge. Tight confidence intervals (£0.02-0.10)
across 3 runs confirm reproducibility under greedy
decoding. Full per-model, per-judge scores appear
in Table 10. These results indicate stable evalua-
tion outcomes across different judge models.

J.4 Frontier Model Error Analysis

To diagnose why frontier models fail on specific
Saum tasks, we conducted a systematic error anal-
ysis of GPT-5 and Gemini-3-Flash across Ac-
counting, Business, and Summarization. Two na-
tive Arabic annotators with financial backgrounds
jointly reviewed each error, analyzed the reason-
ing against the gold reference, assigned a root
cause, and agreed on a category (full agreement
after adjudication). We use a shared taxonomy
across both models: Misunderstanding Concept
(correct setup, wrong principle applied), Concept
Confusion (conflates two related but distinct con-
cepts), Hallucination (generates facts not in the
question), Question Misread (answers a different
question), Calculation Mistake (arithmetic error),
and Domain Knowledge Gap (lacks the terminol-
ogy entirely).

J.4.1 GPT-5 on Accounting

Seventy percent of GPT-5 accounting errors stem
from domain reasoning failures: Misunderstand-
ing Concept (39%) and Concept Confusion (31%),
while Calculation Mistakes account for only 20%.
This confirms our Section 5.3 finding that mod-
els rarely fail at arithmetic but often fail at choos-
ing the correct computation. Concretely, GPT-5 (i)
reaches correct intermediate results but selects the
wrong accounting standard, (ii) confuses closely
related concepts (e.g., treating a direct relation-
ship as inverse), and (iii) in 15% of errors, reaches
the correct answer but fabricates a rule to justify
switching to a wrong option.

These patterns indicate the model’s weaknesses
lie in conceptual grounding rather than computa-
tional ability. Errors arise when mapping prob-
lem statements to the correct accounting principle
or standard, not during numerical execution. This
suggests improving domain-specific reasoning and
conceptual alignment is more critical than enhanc-
ing raw calculation capabilities for such tasks.
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Event—Cause Reasoning QA Annotation and Quality Control

Task objective. Annotators construct one event—cause reasoning instance per Arabic financial report. Each instance
consists of (i) an analytical question that requires causal or interpretive reasoning and (ii) a concise expert-written
answer grounded exclusively in the information provided in the report. The task evaluates whether models can explain
why financial or regulatory events occurred and what their implications are, rather than recalling isolated facts.
Question construction. The question must:

* Be analytical in nature (e.g., “why did this occur?” or “what does this indicate?”’).

* Connect multiple data points from the report (e.g., financial figures, growth rates, market reactions).
* Avoid purely descriptive prompts (e.g., “what was the profit?”).

* Be answerable using only information stated or implied in the report.

Answer construction. The answer must:

* Be written in Arabic and remain concise.

* Rely exclusively on the content of the report, without external knowledge or speculation.

» Explicitly reference numerical figures and percentages when available.

* Provide economic or financial interpretation (e.g., performance drivers, risk implications, or market significance).
* Preserve technical and domain-specific terminology.

Focus areas. Annotators prioritize questions involving:

» Market trend analysis and its implications.

* Performance comparison between companies or sectors.
» Economic significance of observed data patterns.

* Risk assessment based on reported financial indicators.

Quality control procedure. We enforce quality control through a multi-stage human validation workflow:

1. Pilot annotation. Two native Arabic financial experts independently annotate a pilot subset of 20 reports, each
producing an event—cause question and an analytical answer.
2. Agreement assessment. We evaluate agreement at two complementary levels:

» Event—cause identification: measured using Cohen’s k, assessing consistency in identifying salient events and
their causes.

* Answer consistency: measured using ROUGE overlap between independently written answers, used as a consis-
tency check rather than a correctness metric.

3. Calibration. Annotators review disagreements from the pilot phase, discuss ambiguous cases (e.g., implicit causal-
ity, multi-factor events, overlapping economic drivers), and refine shared annotation criteria. This calibration aligns
interpretation standards and reduces annotation drift.

Full annotation. After calibration, one expert annotates the remaining reports under the agreed guidelines.

Audit and correction. A senior annotator audits a random sample of completed annotations to verify that each
instance:

s

 Identifies a plausible event and its cause(s) supported by the report.
¢ Includes relevant numerical evidence when available.
* Provides an analytical explanation rather than a descriptive summary.

Annotations that fail these checks are revised or discarded.
Final dataset format. Each finalized instance consists of a financial report, one analytical event—cause question, and

one expert-written answer. This format supports evaluation using both exact-match and partial-match metrics and
enables controlled benchmarking of causal reasoning in Arabic financial text.

Figure 17: Guidelines and quality control workflow for event—cause reasoning annotation in Arabic financial re-

ports.

J.4.2 GPT-5 on Extractive Summarization J.4.3 Gemini-3-Flash on Accounting

GPT-5 understands report content but fails at task

execution, selecting background sentences over
key financial figures (42.5% of errors), copying en-
tire reports instead of meeting the 30-40% com-
pression target (16.3%), and introducing content
from unrelated reports (11.3%). This explains
its poor extractive summarization performance
(ROUGE-L: 33.37) despite strong open-ended rea-
soning: the task rewards verbatim selection disci-
pline, not generative fluency.

Concept Confusion (27.8%) and Misunderstand-
ing Concept (19.4%) account for 47% of errors,
particularly in auditing standards and foreign cur-
rency hedging. Unlike GPT-5, Gemini-3-Flash
also exhibits Hallucination (8.3%) and Question
Misread (8.3%), while Calculation Mistakes re-
main rare (5.6%). These patterns indicate broader
instability beyond core conceptual errors, reflect-
ing less consistent reasoning behavior overall.
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Event-Cause QA

Islamic-Std QA

Fatwa QA

Model Gemini Judge GPT-40 Judge Gemini Judge GPT-40 Judge Gemini Judge GPT-40 Judge
Gemini-3-Flash 9.844-0.02 9.9740.02 9.1840.03 9.7640.01 9.1740.02 9.3240.02
Claude-Opus-4.5 9.67+0.03 9.32+0.97 8.0610.05 9.53+0.02 8.7940.03 9.18+0.02
Claude-Sonnet-4.5 9.3240.04 9.6840.04 8.24+0.05 9.2840.02 7.5840.03 8.8610.02
GPT-40 8.30+0.06 9.50+0.09 6.64+0.08 8.531+0.03 6.50+0.04 8.0410.01
Gemma-3-27B 8.70+0.05 9.7440.02 6.1540.08 8.41£0.03 5.18+0.05 7.35+0.02
Qwen2.5-72B 8.08+0.10 8.4540.17 5.61+0.10 6.96+0.07 5.37+0.06 6.30+0.01
Fanar-1-9B 7.5740.10 8.03+0.22 4.9440.08 6.0340.03 4.4440.06 5.15+0.04
Gemma-3-4B 7.39+0.08 9.09+0.08 2.88+0.08 5.324+0.07 2.46+0.06 4.39+0.02
ALLAM-7B 6.8740.10 7.7940.16 4.9240.08 5.9540.03 4.20£0.05 4.49+0.03
LLaMA-3.1-70B 6.60+0.15 7.15+0.30 3.70+0.10 4.67£0.05 4.74+0.08 2.2440.02
Mixtral-8x7B 4.534+0.08 5.1440.09 2.4840.08 3.4340.08 1.78+0.06 2.80+0.04
SILMA-9B 1.88+0.20 1.43+0.37 3.33+0.12 2.33+0.03 2.05+0.08 1.61£0.05
LLaMA-3.1-8B 4.901+0.18 2.4940.17 2.5040.12 1.8540.03 1.384+0.08 0.714+0.02
SaumM-ALLAM-7B 6.50+0.10 7.02+0.12 6.30+0.02 6.59+0.04 4.24+0.04 4.51£0.03

Table 10: Cross-judge validation on open-ended tasks with Gemini-2.5-Flash and GPT-40 (mean=std over 3 runs).
Rankings are preserved, and Gemini scores rise under GPT-4o0, indicating no circular bias.

Model Accounting (%0) Business (%) Fatwa MCQ (%) Sentiment (%)
Proprietary
Claude-Opus-4.5 78.0442.42 76.14+1.14 91.574+0.33 61.2542.50
Claude-Sonnet-4.5 77.254+1.20 77.05+1.45 88.8340.38 66.25+1.25
Gemini-3-Flash 74.65+1.95 75.41+0.95 90.0740.30 70.00+1.25
GPT-5 63.67+2.27 72.314+1.26 91.154+0.45 62.50+1.25
GPT-40 59.2842.07 78.324+0.32 87.504+0.10 61.2540.00
Gemini-2.5-Flash 55.4942.13 75.05+0.83 86.02+1.22 58.334+4.39
Open-source >70B
Qwen2.5-72B 63.084+2.70 75.234+0.32 83.6340.33 64.00+1.25
LLaMA-3.1-70B 49.11+2.79 75.58+1.14 82.90+0.15 51.254+3.31
Open-source <70B
Gemma-3-27B 53.2942.16 74.134+0.32 80.6740.18 64.174+0.72
Gemma-2-9B 46.71+2.74 65.314+3.83 70.4340.61 54.174+1.44
Qwen2.5-14B 48.49+3.93 64.6640.83 75.184+0.85 60.8343.82
Qwen2.5-7B 46.11+2.85 63.02+1.14 69.701+0.28 54.17+1.91
Gemma-3-4B 38.1242.27 67.584+0.32 61.301+0.18 62.084+1.44
Mixtral-8x7B 31.744+1.04 59.3840.63 62.3240.34 58.334+0.72
LLaMA-3.1-8B 38.9343.28 58.64+4.45 60.354+3.62 52.08+5.77
Arabic Models
Fanar-1-9B 43.51+2.42 70.134+1.67 74.601+0.35 60.4242.60
SILMA-9B 49.32421.73 60.11£6.61 53.854+5.57 25.75+3.75
ALLAM-7B 42.24+3.55 64.754+3.83 72.254+2.83 56.5042.00

Table 11: MCQ evaluation across 3 runs using each model’s recommended temperature. Values shown as mean=std.
Rankings remain consistent across runs, confirming robustness of our main findings to decoding configuration.

J.4.4 Gemini-3-Flash on Business

Reasoning Error (39.5%) and Concept Confusion
(37.2%) dominate at 77%, concentrated in Strate-
gic Management, Marketing, and Entrepreneur-
ship, which require culturally grounded Arabic
business knowledge. Domain Knowledge Gap
(9.3%) reflects cases where models lack special-
ized Arabic business terminology. These patterns
highlight the importance of domain-specific knowl-
edge beyond general language understanding.

J.4.5 Cross-Model Convergence

The most striking finding is that GPT-5 and
Gemini-3-Flash, despite different architectures
and training data, share the same dominant fail-
ure mode: conceptual confusion between related
domain principles (70% for GPT-5, 47-77% for
Gemini-3-Flash), with arithmetic errors rare in
both (20% and 5.6%). This suggests Arabic finan-
cial reasoning is a genuine challenge for frontier
models, not an evaluation artifact.
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Prompt for Extracting Arabic Accounting

Exam MCQs (Exercise-Based Format)

Prompt for Extracting Arabic Business

Task. You are an expert system for extracting Arabic

accounting exam questions. The input is a scanned

exam page containing exercises that begin with the

keyword (y ¢ (Exercise), followed by a number.

Extraction instructions.

* Identify all exercises that begin with & followed
by a numeral (e.g., \ (£, ¥ & 9).

» For each exercise, extract the full contextual text
that follows the exercise header.

* Within each exercise, identify all multiple-choice
questions (numbered 1, 2, 3, etc.).

¢ For each MCQ, combine the exercise context with
the specific question text to form a complete ques-
tion. .

* Extract all answer choices labeled as |, <, o and
S.

* Identify the correct answer by detecting underlined

text in the choices; underlining indicates the cor-

rect option.

Critical rules.

» Preserve the original Arabic text exactly; do not
paraphrase or normalize.

» Extract all MCQs appearing under each exercise.

e If no underlined choice is visible, set the correct
answer to null.

Output format. Return a JSON object with the fol-
lowing structure:

{

Vexercises”: [
Yexercise__number
“exercise__context”: 7.
’questions”: [

Y. N

"question__number”: ...,

“full__question__text”: ”...”,
choices”: {

” M N N

D5
Ycorrect_answer
”is underlined”: true

}
]
}

b

"page__info”: {
"total__exercises”: ...,
“total__questions”: ...,
“language”: ”Arabic”,
”subject”: ” Accounting”

M, N N
Ly

Figure 18: Prompt for extracting MCQs from Arabic
accounting exams with exercise-based layouts.

Exam MCQs (Tabular Format)

Task. You are an expert system for extracting Ara-
bic business and accounting exam questions from
scanned images containing tabular layouts.
Document characteristics.

¢ Each row corresponds to one question.

* Questions are numbered using Arabic numerals
(e.g,\Y¢, VYo).

* Answer choices typically include d (True) and

s (False), with optional additional choices.
e The correct answer is highlighted with a yellow
background.

Extraction instructions.

* Identify all question rows in the table.

¢ Extract the question number and full Arabic ques-
tion text for each row.

 Extract all visible answer choices.

¢ Identify the correct answer by detecting yellow
highlighting.

* Label questions as
multiple_ choice accordingly.

true false or

Critical rules.

* Preserve Arabic text exactly as written, including
diacritics.

« If yellow highlighting is ambiguous or not visi-
ble, set has_yellow__highlight to false.

» Extract all visible questions on the page.

Output format. Return a JSON object with the fol-
lowing structure:

{

"questions”: [

{

”question__number
“question__text”: 7.,
“question__type”: 7.7,
"choices”: {

77a77: 77...77,

’7b77: ’7.'.777

NN, N N

C

M. 9 N

9. 9 N
005 §

)
”correct__answer”:
” T ., N ”
correct__choice_ text”: ”...”,
“has_ yellow_ highlight”: true,
”subject__area”: "business”

}

’page__info”: {
“total__questions”: ...,

“format”: "table_with__yellow_ highlighting”,
”language”: ”Arabic”,

”question_ type”: "mixed”

}
}

Figure 19: Prompt for extracting MCQs from Arabic
business and accounting exams with tabular layouts.
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LLM-as-a-Judge Rubric for Fatwa QA (Arabic)

Role. You are an expert evaluator in Islamic fatwa (ifta°).

Inputs (provided each time).

» category (optional context) — may be empty (e.g., riba, zakat, takaful)

* prompt — the full Arabic prompt shown to the model (instructions + question)
e ground_ truth — the reference fatwa answer (Arabic)

¢ candidate answer — the model answer to evaluate (Arabic)

Task. Judge how well candidate answer matches ground__truth in ruling (hukm), justification, and operative con-
straints/qualifications. Prioritize doctrinal correctness and required conditions/exceptions. Do not penalize stylistic
paraphrase if the core ruling and constraints are preserved. Be concise and deterministic.

Scoring (sum to exactly 10).

1. Coverage of core ruling (0—4). The candidate must clearly state the same central hukm (e.g., permissibility/prohi-
bition, validity/invalidity) and include the key justification present in the ground truth. One-word/minimal answers
without essential justification should receive a much lower score (e.g., 0-1).

2. Conditions, exceptions, constraints (0-2). Does it retain critical restrictions, qualifiers, or carve-outs that materi-
ally affect the ruling?

3. Doctrinal/factual accuracy (0-2). No misstatements that would change the fatwa; no implicit legalization of pro-
hibited elements (e.g., riba); no misleading generalizations or invented requirements.

4. Clarity & Arabic language quality (0-1). Clear Arabic, understandable structure, minimal ambiguity appropriate
for a fatwa answer.

5. Directness & fatwa format (0-1). Directly answers the question; avoids long digressions; phrasing suitable for a
fatwa.

Critical checks (true/false).

* contradicts_ ground_ truth: Does the candidate contradict the central ruling?

e omits_ critical conditions: Does it omit key conditions/exceptions that change the ruling?

* introduces_unlawful_elements: Does it introduce/normalize prohibited elements (e.g., riba)?
* hallucinated_ citations: Misleading/fabricated sources claimed that distort the ruling?

* non_ answer_ or__evasive: Does it avoid giving a clear ruling?

* off topic_or_ unsafe: Off-topic or otherwise inappropriate?

Output format (strict). Output only valid JSON (no prose, no code fences), following this schema:

{

"scores”: {
“coverage__core_ruling”: <float 0-4>,
”conditions__exceptions”: <float 0-2>,
’factual__doctrinal__accuracy”: <float 0-2>,
“clarity_language”: <float 0-1>,
”directness format”: <float 0-1>

b

Yoverall”: <float 0-10>,

critical__checks”: {
“contradicts__ground_truth”: <true/false>,
“omits__critical__conditions”: <true/false>,
“introduces__unlawful _elements”: <true/false>,
“hallucinated__citations”: <true/false>,
“non__answer__or__evasive”: <true/false>,
"off _topic_or_unsafe”: <true/false>

2
"note”: "<short NOTE in {NOTE LANG}>”

}
Figure 20: Evaluation rubric used for LLM-based judgment of fatwa QA responses.
K Decoding Configuration and Variance Table 11 reports mean+std across runs. Rank-
Analysis ings remain consistent across runs and tempera-

ture settings, confirming robustness to decoding
choices. The low variance observed across re-
peated runs further indicates that performance dif-
ferences are stable rather than driven by sampling
noise. This consistency holds across tasks and dif-
ferent evaluation conditions.

Our main evaluations use greedy decoding (tem-
perature 0) for reproducibility. To ensure results
are not artifacts, since some models do not support
temperature 0 and others prefer non-zero settings,
we re-ran all MCQ evaluations 3 times using each
model’s recommended temperatures.
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LILM-as-a-Judge Rubric for Islamic Fi-

nance QA (Arabic)

Role. You are an expert evaluator in Islamic finance

(Figh al-mu'amalat).

Inputs (provided each time).

* topic (optional context) — may be empty

* question — in Arabic

e ground_ truth — the reference correct answer
(Arabic)

e candidate answer — the model answer to evalu-
ate (Arabic)

Task. Judge how well candidate__answer matches
ground__truth in meaning, ruling, justification, and
constraints. Prioritize doctrinal correctness and com-
pleteness of key conditions/exceptions. Do not pe-
nalize stylistic paraphrase if the core ruling and con-
straints are preserved. Be concise and deterministic.
Scoring (sum to exactly 10).

Coverage of core ruling (0—4).

Conditions, exceptions, constraints (0-2).
Doctrinal/factual accuracy (0-2).

Clarity & Arabic language quality (0-1).
Directness & on-topic (0-1).

Fhgs W =

Critical checks (true/false).
contradicts__ground_ truth
omits critical conditions
introduces_unlawful elements
hallucinated citations
non__answer_or__evasive
off_topic_or_unsafe

Output format (strict). Output only valid JSON (no
prose, no code fences), following this schema:

"scores”: {”coverage__core_ruling”: <float 0-4>,
”conditions__exceptions”: <float 0-2>,
“factual__doctrinal__accuracy”: <float 0-2>,
“clarity_ language”: <float 0-1>,

"directness format”: <float 0-1>},

?overall”: <float 0-10>,

critical _checks”: {
”contradicts__ground__truth”: <true/false>,
“omits__critical _conditions”: <true/false>,

“introduces__unlawful__elements”: <true/false>,
“hallucinated__citations”: <true/false>,
“non__answer_or__evasive”: <true/false>,
"off__topic_or__unsafe”: <true/false>

b
"note”: "<short NOTE in {NOTE_LANG}>"}

. J

Figure 21: Evaluation rubric used for LLM-based judg-
ment of Islamic finance QA responses.

Overall, these results suggest that model com-
parisons are reliable under both deterministic and
stochastic decoding regimes. Notably, models that
perform strongly under greedy decoding maintain
their relative advantage under higher-temperature
settings, indicating that gains are not dependent on
sampling variability. This stability supports the ro-
bustness of our findings.

Similarly, lower-performing models do not ben-
efit from increased randomness, suggesting errors
stem from systematic limitations rather than decod-
ing strategy. This reinforces the validity of our
evaluation pipeline across inference settings and
shows that task difficulty and domain reasoning,
rather than decoding configuration, drive perfor-
mance differences in our benchmark.

K.1 Doctrinal Variation in Shari’ah Rulings

Islamic jurisprudence is not monolithic: the four
Sunni madhahib (Hanafi, Maliki, Shafi’i, Hanbali)
and Shia schools may differ on financial questions.
This raises a concern: do our reference answers re-
flect a single position that could penalize legitimate
alternatives?

We analyzed this question during dataset con-
struction and report our findings here.

Category # Samples Significant Dispute
Sukuk 6 2 (33%)
Takaful 38 10 (26%)
Zakat 792 173 (22%)
Gharar 149 20 (13%)

Tjara 102 12 (12%)
Murabaha 234 20 (9%)
Maysir 64 6 (9%)

Riba 407 32 (8%)
Total 289 (14.4%0)

Table 12: Distribution of doctrinal variation across Is-
lamic finance categories. Variation is highest in zakat
(differing calculation methods), takaful (modern instru-
ment with evolving rulings), and sukuk (small sample,
debated across regulators). For disputed cases, refer-
ence answers present valid alternatives, and the rubric
accepts any legitimate ruling.

(1) Most questions test consensus rulings.
Seventy-four percent of samples involve cross-
madhab agreement on established Islamic finance
principles, the prohibition of riba (usury), contract
invalidation due to gharar (excessive uncertainty),
the impermissibility of maysir (gambling), rather
than narrow inter-school disputes.

(2) Evaluation targets the hukm, not the evi-
dence path. Reference fatwas and model outputs
naturally vary in cited Qur’anic verses, hadith, figh
sources, and reasoning detail, making exact-match
evaluation infeasible. We therefore score at the
hukm (ruling) level: the rubric evaluates the final
ruling and its operative constraints. A model cit-
ing different but valid evidence while reaching the
correct ruling is not penalized.
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LILM-as-a-Judge Rubric for Financial Analysis & Capital Markets (Arabic)

Role. You are an expert evaluator in financial analysis and capital markets.
Inputs (provided each time).

prompt — the full Arabic prompt (report/excerpt + question) shown to the model
ground__truth — the reference ideal analytical answer (Arabic)
candidate_answer — the model answer to evaluate (Arabic)

Task. Judge how well candidate__answer matches ground__truth in conclusions, reasoning, and use of provided fig-
ures. Prioritize factual/quantitative fidelity, correct interpretation of financial concepts (e.g., spreads, yields, coverage,
issuance, capital structure, Basel III, supply/demand dynamics), and avoidance of hallucinated data. Do not penalize
stylistic paraphrase if core insights and numeric takeaways align with the reference.

Scoring (sum to exactly 10).

1.

2.

$a g

Core conclusion alignment (0—4). Does the candidate capture the main thesis and key takeaways of the ground
truth (what/why/so-what)?

Quantitative fidelity & use of figures (0-2). Correctly cites/uses the reported numbers (e.g., percentages, amounts,
maturities, oversubscription) without inventing or altering figures. Any simple computations/comparisons must be
consistent.

. Financial reasoning soundness (0-2). Causality and mechanisms are plausible and consistent with standard fi-

nance/econ logic (e.g., pricing vs. credit risk, duration/tenor structure, demand/oversubscription signals, capital
adequacy).

Clarity & Arabic language quality (0-1). Clear Arabic, coherent structure, minimal ambiguity.

Directness & on-topic grounding (0-1). Answers what was asked; stays anchored in the provided scenario/data
(no generic filler).

Critical checks (true/false).

contradicts_ ground__truth: contradicts the central conclusion of the reference
fabricates_ or_ alters_numbers: introduces numbers not present or materially distorts reported figures
hallucinates_context__or_ sources: injects external context/sources not in the prompt that change the assessment
flawed_ financial logic: serious finance/econ reasoning error that would mislead the conclusion
non__answer_or__evasive: avoids providing an analytical answer

off topic_ or_unsafe: off-topic or otherwise inappropriate

Output format (strict). Output only valid JSON (no prose, no code fences). Return JSON strictly in this schema (all
fields required):

}

’scores”: {
”coverage__core__conclusion”: <float 0-4>,
”quantitative_ fidelity”: <float 0-2>,
“financial _reasoning”: <float 0-2>,
’clarity_ language”: <float 0-1>,
”directness__grounding”: <float 0-1>

7

?overall”: <float 0-10>,

critical _checks”: {
“contradicts__ground__truth”: <true/false>,
“fabricates_or_ alters_ numbers”: <true/false>,
“hallucinates context_or_sources”: <true/false>,
"flawed__financial_logic”: <true/false>,
“non__answer__or__evasive”: <true/false>,
"off_topic_or_unsafe”: <true/false>

Js
"note”: ?<short NOTE in {NOTE_LANG}>”

Figure 22: Evaluation rubric used for LLM-based judgment of financial analysis and event—cause reasoning tasks.

(3) Quantified dispute distribution: For the
26% of samples with disagreement, Table 12 re-
ports cases where the reference answer flags signif-
icant disagreement across recognized madhahib.
“Significant Dispute” denotes materially different
rulings (e.g., permissible vs. impermissible), not
just differing evidence.

(4) Manual error analysis confirms failures are
genuine, not doctrinal: To ensure low scores
do not penalize valid alternatives, we analyzed
500 randomly sampled errors (Figure 6). Fail-
ures are unambiguous: wrong rulings (25.2%), fab-
ricated evidence (12.1%), and misquoted hadith
(2.0%)not legitimate alternative positions.
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