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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 19 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, evaluation framework, and an
instruction-tuned model to support trustworthy
Arabic financial assistants.

1 Introduction

Arabic is spoken by over 422 million people
across 27 countries (Al-Khalifa et al., 2025). This
includes the Gulf Cooperation Council (GCC),
where sovereign wealth funds (SWFs) and capital
markets shape global financial flows. The six GCC
states host 14 SWFs that manage about $4.9 tril-
lion USD (Alhajraf, 2025). Recent reports from
the IMF highlight their central role in economic
diversification and international investment (Ko-
rniyenko and Xin, 2025). The region generates
large volumes of financial text, including central
bank reports, regulatory filings, corporate disclo-
sures, and fatwas that provide jurisprudential rul-
ings. Despite this, systematic evaluation of Large

Language Models (LLMs) on Arabic financial con-
tent remains limited.

In contrast, English financial NLP has advanced
rapidly through dedicated benchmarks for senti-
ment analysis, QA, and numerical reasoning (Maia
et al., 2018a; Zhu et al., 2021; Chen et al., 2021,
2022; Zhao et al., 2024; Xie et al., 2025), with
multilingual extensions emerging for other lan-
guages (Nie et al., 2025; Zhang et al., 2024; Peng
et al., 2025a,b). Arabic benchmarks remain lim-
ited in scope, ArBanking77 (Jarrar et al., 2023)
addresses only banking intent, and Arabic-centric
LLMs (Sengupta et al., 2023; Team, 2025; Heakl
etal., 2025a; Abbas et al., 2025) have not been eval-
uated on financial domains.

Islamic finance further illustrates this gap. It
represents 4-5 trillion USD globally across bank-
ing, capital markets (e.g., sukuk), and insurance or
takaful (LSEG, 2024; IFSB, 2025). Unlike con-
ventional finance, it requires Shari’ah review. Fi-
nancial products must avoid riba (interest), gharar
(excessive uncertainty), and maysir (speculation),
and they are guided by standards issued by The
Accounting and Auditing Organization for Islamic
Financial Institutions (AAOIFI)."! Although re-
sources such as Fatwaset (Alyemny et al., 2023)
and Hajj FQA (Aleid and Azmi, 2025) exist, they
focus on general juristic QA rather than financial
reasoning. As a result, LLMs remain untested on
tasks that combine legal and financial analysis.

We introduce SauMm, the first Arabic financial
NLP benchmark unifying modern finance and Is-
lamic jurisprudence two high-stakes domains shap-
ing trillions in assets yet missing from LLM eval-
uation. SAHM spans seven expert-verified tasks
grounded in AAOIFI standards, fatwa archives
from seven countries, and corporate disclosures
(Figure 1). Evaluating 19 LLMs reveals that Ara-
bic fluency does not guarantee financial reason-
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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.

ing and targeted instruction tuning can close this
gap, with our 7B model surpassing GPT-5 by >20
points. 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.

* A comprehensive benchmark of 19 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 scale alone is insufficient: a tar-
geted 7B instruction-tuned model exceeds GPT-
5 by >20 points on accounting and outperforms
all open-source baselines (including 72B mod-
els), highlighting instruction tuning as a practi-
cal route to trustworthy Arabic financial assis-
tants.

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 in-
cluding sentiment, NER, and argument mining.
Multilingual extensions have emerged for Chinese
(CFinBench (Nie et al., 2025)), and Greek (Plu-
tus (Peng et al., 2025a)), demonstrating that cul-
turally grounded evaluation reveals failure modes
invisible in English-only testing. Yet Arabic, spo-
ken 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 language under-
standing, but do not evaluate the reasoning re-
quired for regulatory compliance, numerical anal-
ysis, or Shari’ah-aligned decision making. This
gap is significant as Arabic financial texts present
distinct 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 LLM-
shuman 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

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
(6,l=)) and compliance requirements for Sukuk?
issuance (Pomeranz, 1997; Islamic Financial Ser-
vices Board (IFSB), 2024; Saudi Central Bank,
2024). Yet, most financial benchmarks implic-
itly assume Western instruments such as interest-
bearing loans and conventional bonds, leaving
models untested on regionally critical reasoning
about contract permissibility, legal constraints,
and Shari’ah compliance. To address this gap,
we construct the first Islamic Shari’ah Standards
QA dataset directly from the official 1,264-page
AAOIFI compendium spanning 52 standards chap-
ters, enabling systematic evaluation of LLMs on
rule-based Islamic financial reasoning.

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 native
Islamic finance experts manually verified the ex-
tracted text to preserve diacritics, numerals, and
domain-specific terminology.

In a review of a 25% sample, the experts mea-
sured a high exact-match rate of 98.7+0.7% with a
95% confidence interval and strong inter-annotator
agreement (x = 0.962), confirming the reliabil-
ity of the OCR pipeline. The remaining 1.3% of

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

mismatched characters consisted primarily of mi-
nor orthographic or formatting issues (e.g., spac-
ing, punctuation, and occasional diacritics), which
annotators corrected in the canonical text used for
QA construction; in the audited sample, we did not
observe OCR errors that altered the substance of
any Shari’ah ruling. After cleanup, we grouped the
verified text into thematic clusters, e.g., Murabaha
(cost-plus sale) and used Gemini-2.5-Pro to draft
candidate Arabic question—answer pairs. Domain
experts then refined and validated these samples to
ensure that each question accurately captured its
intended ruling and included all mandatory con-
ditions and exceptions. This human-in-the-loop
pipeline transforms dense regulatory prose into
high-quality, legally faithful QA pairs for bench-
marking Shari’ah-compliant financial reasoning.
Examples from the dataset and the full pipeline ap-
pear in Figures 1 and 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 4). 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 5), including 5§y (almsgiving), L,
(usury), and £ » (cost-plus financing), then trans-
formed these long, formal texts into concise QA
pairs via Gemini-2.5-pro while preserving their
juristic meaning. Specifically, we removed intro-

ductory invocations (e.g., rw‘j Al RESE

” 3 I Je) and rhetorical openers (e.g., "4n L»T“)
to expose the core inquiry and ruling. We stripped
HTML artifacts and redundant navigational refer-
ences while retaining key metadata such as source
URLs for traceability. This pipeline removes greet-



Task Dataset Processed Source

Train Test Metric Tested Capabilities

Accounting Exams MCQ 416 Exam Questions 249 167 Accuracy Domain-specific reasoning (Accounting)
Business Exams MCQ 457 Business Exams 274 183 Accuracy Business and management reasoning

MCQ Islamic Financial Fatwa MCQ 2,000 Religious QA Bank - 2,000 Accuracy Fatwa-based reasoning and comprehension
Financial Report Sentiment Analysis MCQ 200 Social Media / Reviews 120 80 Accuracy Sentiment and polarity detection
Total MCQ 3,073 Mixed Sources 643 2,430 Accuracy Multi-domain reasoning
Event-Cause Reasoning QA 200 News / Event Corpora 120 80 Avg. score (/10) Causal reasoning
Islamic Fatwa QA 11,953 Religious QA Bank 9,953 2,000 Avg. score (/10) Faith-based legal reasoning

Open-Ended Islamic SharT'a Standards QA 2,027 Financial Standards 1,216 811 Avg. score (/10) Standards and legal-domain comprehension
Report Extractive Summarization 200 Financial Reports / Standards 120 80 ROUGE (R-1/R-2/R-L) Faithful extraction and content selection
Total QA 14,380 Mixed Sources 11,409 2,971 Mixed (LLM-judge, ROUGE) Open-ended Arabic reasoning

Table 1: Task-level breakdown of the SAuM. We report dataset provenance, sizes, train-test splits, evaluation
metrics, and the financial, legal, and causal reasoning capabilities evaluated across MCQ and open-ended tasks.

ings, honorifics, hyperlinks, and scholar names
while preserving Qur°anic citations, juristic termi-
nology, and legal reasoning. Further details in Ap-
pendix B. Two native Arabic speakers manually re-
viewed 10% of the normalized data from each cat-
egory to verify clarity, linguistic fidelity, and do-
main correctness. This process 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 k =
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 then
validated the remaining MCQs under the cali-
brated guidelines, ensuring that each item precisely
matched its source fatwa, preserved juristic termi-
nology, and avoided misleading options. A final
audit confirmed that 95% of MCQs aligned exactly
with their original QA pairs; we discarded the re-
maining 5% and excluded 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 ,A!\ Olyss Jars (asset
turnover ratio) and ¥ 2| 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 of dollars in assets,
Arabic financial markets lack sentiment bench-
marks tailored to region-specific financial dis-
course. 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 am-
plified by the use of culturally grounded finan-
cial terminology, e.g., 4! » (cost-plus financing)
and stylistic variation in Arabic financial reporting,
where subtle modifiers can reverse sentiment po-
larity. To address this gap, we construct the first
Arabic financial sentiment benchmark based on au-
thentic market reports rather than translated prox-
ies. We collect 200 Arabic financial reports: 100
Islamic 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 annotation plat-
form (Figure 8) following shared guidelines that
emphasize holistic document interpretation rather

*https://www.argaam.com/
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than sentence-level cues resolving in a high inter-
annotator agreement (Cohen’s x = 0.91). We then
conducted a calibration phase where annotators re-
solved disagreements and refined decision criteria.
For mixed-signal reports, we assign the dominant
polarity if >60% of content supports it; otherwise
Neutral. A third expert adjudicates residual dis-
agreements. We split the dataset into 120 training
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.,
WU ol 2, plall / TFRS and o0 g ] A
/ HSBC), and specialized Islamic finance termi-
nology such as £,$. (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 re-
quire models to explain why financial or regula-
tory events occur and what implications they en-
tail. To address this gap, we introduce an event-
cause reasoning task that evaluates whether models
can analyze Arabic financial reports and produce
analytical explanations grounded in reported finan-
cial data, including market movements and £,
issuances. We collect 200 Arabic financial reports:
100 Islamic finance—focused and 100 general from
Argaam. Two native Arabic financial experts anno-
tate each report by formulating one analytical ques-
tion that links multiple reported data points and by
writing a concise expert answer explaining the un-
derlying causes and implications using only infor-
mation in the article. A pilot phase on 20 reports

ensures guideline clarity. We provide further de-
tails in Appendix G. We assess annotation quality
at two levels: Cohen’s k = (.86 measures agree-
ment on event-cause identification, while ROUGE
overlap serves as a consistency check for indepen-
dently written answers. After calibration to re-
solve disagreements and align on edge cases, one
expert completes the remaining annotations under
the agreed criteria.

4 Experiments

Evaluated Models. We evaluated 19 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 (OpenAl et al., 2024; OpenAl, 2025; An-
thropic, 2025b,c,a; Google, 2024), enabling con-
trolled analysis across language, scale, and ca-
pability dimensions. To assess whether domain-
specific instruction-tuning can close the gap be-
tween Arabic-centric and frontier models, we fine-
tune SAHM-7B-Instruct on the SAHM training
split (11.4k instances) using ALLaM-7B as the
base model with LoRA (r=64, a=128, Ir=2e-4, 3
epochs). Detailed model specifications are pro-
vided in Table 7.

Evaluation Measures. We evaluate Accounting
Exams, Business Exams, Fatwa MCQ, and Finan-
cial Sentiment with exact-match accuracy, normal-
izing free-form outputs (e.g., option text/letters)
to a single choice before scoring (Appendix H).
For extractive summarization, we report ROUGE-
F1 (ROUGE-1/2/L) against gold extractive refer-
ences (models are instructed 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 original Arabic prompt, gold reference,
and model answer, it returns a JSON-validated, ad-
ditive (sum-of-components) [0, 10] score under a
shared rubric assessing alignment with the refer-
ence ruling/conclusion, preservation of key con-
straints or quantitative fidelity, correctness (doc-
trinal/factual or financial reasoning), Arabic clar-
ity, and directness/grounding. We validate the
judge with two expert Arabic annotators on 200
randomly sampled outputs across the three tasks



MCQ (Accuracy % 1) Open-Ended QA (Score 0-10 1)

Model Datasets Datasets

Accounting Business Fatwa Sentiment Mean Event-Cause QA Islamic-Standars-QA Fatwa-QA  Mean

Open-source Models: > 70B Parameters
Qwen2.5-72B-Instruct (Yang et al., 2024) 65.87 74.86  84.65 75.00 75.10 8.1000 5.6330 53912 6.3747
LLaMA-3.1-70B (Grattafiori et al., 2024) 52.10 77.60  84.90 80.00 73.65 6.623 3.7245 47607  5.036

Open-source Models: < 70B Parameters
Qwen2.5-14B-Instruct (Yang et al., 2024) 49.10 63.39  76.05 57.50 61.51 7.4975 4.8806 4.0576 5.4786
Qwen2.5-7B-Instruct (Yang et al., 2024) 48.50 59.56  70.00 55.00 58.27 6.1038 3.4039 2.6815 4.0631
Gemma-2-9B-IT (Riviere et al., 2024) 49.10 63.39  66.60 55.00 58.52 7.1438 4.2306 34266 4.9336
Gemma-3-27B-IT (Kamath et al., 2025) 53.89 7322 80.65 80.00 71.94 8.7188 6.1708 5.1929  6.6942
Gemma-3-4B-IT (Kamath et al., 2025) 38.32 67.76  61.35 75.00 60.61 7.4075 2.8985 24767 4.2609
LLaMA-3.1-8B (Grattafiori et al., 2024) 41.92 60.66  64.05 73.75  60.60 4.9231 2.5168 1.4025 2.9475
Mixtral-8x7B-Instruct (Jiang et al., 2024) 32.93 60.66  62.15 70.00 56.44 4.5538 2.4980 1.7896  2.9471

Proprietary Models: R ing-Enhanced
GPT-5 (OpenAl, 2025) 65.27 72.68  90.75 78.75 76.86 9.6831 8.7965 8.0515 8.8437
GPT-40 (OpenAl et al., 2024) 60.48 78.14  87.70 77.50  75.96 8.3125 6.6598 6.5219 7.1647

Proprietary Models: General-Purpose
Claude-Opus-4.5 (Anthropic, 2025b) 77.84 76.50  91.75 75.00 80.27 9.6818 8.0438 8.80906 8.8449
Claude-Sonnet-4.5 (Anthropic, 2025¢) 78.44 76.50  88.15 77.50  80.15 9.3388 8.2588 7.6049  8.4008
Claude-Haiku-4.5 (Anthropic, 2025a) 67.66 73.77  84.90 77.50  75.96 9.1050 7.0002 6.5341 7.5464
Gemini-3-Flash (preview) (Google, 2024) 76.05 74.86  89.90 81.25 80.52 9.8369 9.1649 9.1571 9.0798
GPT-40-mini (OpenAl et al., 2024) 58.08 77.60 8175 75.00 73.61 7.9613 5.6094 5.3087 6.2931
Arabic Models

ALLAM-7B (Bari et al., 2024) 4491 68.31  74.40 5875 61.59 6.8875 4.9364 42185 5.3475
Fanar-1-9B (Abbas et al., 2025) 47.31 66.12 7445 5875 61.66 7.5850 4.9607 4.4600 5.6686
SILMA-9B (silma-ai, 2024) 50.90 69.40 6255 30.00 53.21 1.8969 3.3547 2.0711  2.4409
SAHM-7B-Instruct (ours) 71.40 93.99 7445 61.25 75.27 6.785 6.482 4.124 5.7970

Table 2: Unified leaderboard comparing MCQ tasks (Accuracy %) and open-ended QA tasks (Score 0-10).
Open-ended QA scores are averaged over Event-Cause QA, Islamic-Standards-QA, and Fatwa-QA.
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Figure 4: Models Talk More, Not Better. Despite
models generating 4-6 x more fatwas text than human,
models do not achieve proportionally higher accuracy,
indicating that verbosity serves as proxy for uncertainty

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.

(MSE 0.41, Pearson r=0.92; inter-annotator agree-
ment xk=0.84 on discretized scores; Appendix J).
All judge and model generations use greedy decod-
ing (temperature 0; no sampling) with fixed maxi-
mum lengths; full prompts, rubrics, schema, criti-
cal checks, and settings appear in Appendix J.

5 Results

We organize our findings around three core ques-
tions: (1) How do models perform across recog-
nition versus generation tasks? (2) What distin-
guishes strong Arabic financial reasoning from
mere language fluency? (3) Where do models sys-
tematically fail, and why?

rather than expertise.
5.1 Main Results

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 that Arabic domain rea-
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Figure 5: 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.

soning capabilities may constitute an independent
axis from general language proficiency, warranting
architectural investigation in future work. Notably,
Gemini-3-Flash inverts the recognition-generation
tradeoff, achieving the highest Open-Ended QA
score despite moderate MCQ performance, likely
because generative tasks afford extended reason-
ing chains. This is supported by Figure 3, where
the Gemini family shows increased ruling accuracy
with larger reasoning token budgets.

Arabic Fluency = Domain Reasoning: Event-
Cause QA Exposes the Gap Arabic-centric pre-
training provides strong foundations for Islamic
jurisprudence tasks, but fails to transfer to finan-
cial reasoning (Accounting, Business). Domain-
specific instruction-tuning on Saum closes this
gap, improving Accounting accuracy by 26% over
the ALLAM-7B base model beating all open
source models. Event-Cause QA emerges as the
“true 1Q test” for Arabic financial reasoning. The
spread (1.89-9.84) is the widest in the table, nearly
the full scale. Proprietary models cluster tightly at
the top (9.1-9.8), then a cliff drops everyone else
below 8.7. This is where Arabic-specific models
expose their limits as the task requires causal rea-
soning over Arabic financial text. Language flu-
ency does not imply domain reasoning. The task
demands compositional causal inference that nei-
ther Arabic pretraining nor raw scale can approx-
imate. Qualitative analysis of failure cases (Fig-
ure 5) reveals two distinct error patterns: models
exhibit surface-level familiarity with Islamic termi-
nology without grounding in authoritative sources,
for instance, Gemma-3-27B incorrectly rules a per-
missible transaction as forbidden while citing fabri-
cated hadith evidence, and they conflate related but

distinct financial concepts, as when Qwen2.5-72B
confuses total interest incurred with capitalizable
interest by summing all expenses rather than com-
puting weighted-average expenditures.

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 4 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 for deployment,
response length may serve as a useful signal for an-
swer confidence in Arabic financial QA systems.

5.2 Extractive Summarization

Table 3 reveals a striking inversion: Claude-
Sonnet-4.5 achieves the highest ROUGE-L
(65.13), while GPT-5 our strongest model on
open-ended reasoning collapses to 33.37, un-
derperforming even GPT-40-mini (64.08). This
exposes a fundamental tension: extractive summa-
rization rewards verbatim selection, not generative
fluency. Consider a typical report: = e St
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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 41.19 33.37 33.37
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
Qwen?2.5-72B-Instruct 40.52 29.50 34.04
Meta-LLaMA-3.1-70B 39.64 31.40 32.65
Open-source Models: < 70B parameters
Qwen?2.5-14B-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
Qwen?2.5-7B-Instruct 25.15 12.01 21.86
Arabic Models
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
SAHM-7B-Instruct (ours) 67.48 53.21 57.79

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

Dauly 0ud Goyy (S0 SYss Osde 300 ied
"> (Binghatti Develbpment successfully 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), exact figure, and dual
listing elements paraphrasing models system-
atically distort.  Surprisingly, Gemma-3-4B-IT
achieves 60.93, rivaling Claude-Opus-4.5 (64.14)
with a fraction of the parameters, suggesting
extraction benefits from constrained generation
rather than extended reasoning. For Arabic-centric
models, domain-specific tuning proves decisive:
SAHM-7B-Instruct attains 57.79, outperforming
ALLaM-7B by +29.55 points, demonstrating that
Arabic pretraining alone does not confer financial
extraction competence targeted domain adaptation
does.

5.3 Error Analysis

To understand why models fail, we analyze 500 ran-
domly sampled incorrect responses, categorizing
failures by root cause.

Error Breakdown. Figure 6 reveals that two er-
ror types dominate: Misunderstanding Concept
and Wrong Ruling, together accounting for 58.5%
of all failures. Fabricated Evidence (11.4%) and
Hallucination (9.3%) follow. Notably, calculation

Misunderstanding Concept- 36.6%
Wrong Ruling- 25.2%
Fabricated Evidence- 12.1%
Hallucination- 9.9% _—
Islamic Knowledge Error
Irrelevant Evidence- 9.1% -« @@ -
Irrelevant Answer- 5.1%

Wrong Wording Evidence-  2.0%

Question Misread- 30.5%

Concept Confusion- 26.5%

‘Wrong Assumption- 13.9%

Fact Hallucination- 13.2% —

Reasoning Error
Calculation Mistake- 5.3% =

Formula Misapplication- 4.0%

Terminology Error- 3.5%

Standard Violation- 3.0%

0 5 10 15 20 25 30 35 40
Percentage (%)

Figure 6: Root cause distribution of model errors across
Islamic knowledge and reasoning tasks.

mistakes contribute only 0.3%, models rarely fail
at arithmetic but frequently fail at knowing which
arithmetic to perform.
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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

We introduced Sanuwm, the first Arabic financial
NLP benchmark integrating modern finance and
Shari’ah-compliant reasoning across seven tasks.
Evaluating 19 LLMs reveals Arabic fluency does
not imply financial reasoning, and our 7B model
surpasses GPT-5 by >20 points—demonstrating
targeted domain adaptation outperforms scale. We
release all resources to support trustworthy Arabic
financial assistants.



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
institutional variation in Arabic financial writing.
Shari’ah-related content. For Shari’ah-oriented
questions, SauM 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
assumptions. Future evaluation directions. As
future work, we plan to develop evaluation met-
rics that explicitly assess (i) the existence and cor-
rectness of cited, source-verifiable evidence includ-
ing traceable support from the underlying materi-
als (e.g.,fatwa text, and financial report statements)
and, when answers cite religious evidence, the cor-
rectness of references such as Qur’anic verses, ha-
dith reports, or named figh sources; and (ii) the ac-
curacy of book/standard citations in model outputs
(e.g., correct document title, section/article identi-
fiers, and pointers that match the relevant source
segment), enabling more direct measurement of ci-
tation faithfulness 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.

Future Work

Several directions extend this work. First, SAaM
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—
extending the benchmark to multimodal reason-
ing over structured financial data is a natural next
step. Third, our evaluation assesses answer cor-
rectness but not evidence traceability; future met-
rics should explicitly verify cited Qur’anic verses,
hadith reports, and AAOIFI standard references.
Fourth, cross-lingual transfer from English finan-
cial benchmarks to Arabic remains unexplored—
investigating whether English financial reasoning
capabilities transfer to Arabic could reduce data re-
quirements. Finally, regional variation in Shari’ah
interpretation across different supervisory bodies
warrants task variants that evaluate model robust-
ness to jurisdictional differences in Islamic finance
rulings.
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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 reference,
enabling fine-grained verification of OCR fidelity
at the page level.

For each document, the system pairs a scanned
page image (e.g., page_001l.png) with its cor-
responding OCR output (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 in-
spect these pairs to identify errors such as s 524 2

(missing text), i=s? & 2 fj (incorrect characters),
s bl oW s (incorrect word order), and o1z
Geid! (formatting loss). When needed, they cor-
rect the OCR output using an editable field while
monitoring a live similarity score reflecting the edit
distance between the corrected and original text.
In addition to direct corrections, annotators la-
bel common OCR failure modes, including dis-
torted symbols (i ,ie 4ols )4 ,), punctuation er-
rors ( f\e A Slede gtL:.;T), and inaccurate numerals

(dass ¢ (-G j), and may add targeted comments on
recurring issues such as confusion between visu-
ally similar Arabic characters (e.g., & vs. O) or
misinterpretation of J.,i::d\ (diacritics).

The system automatically computes a quanti-
tative quality score using character-level edit dis-
tance and maps similarity percentages to four in-
terpretable categories: Excellent (>95%), Good
(80-95%), Partial (50-80%), and Poor (<50%).
All evaluation steps are logged as structured JSON
records, including original and corrected text, simi-
larity scores, identified error types, annotator com-
ments, and timestamps, supporting reproducibility
and auditability.

Beyond per-page inspection, the pipeline en-
ables aggregate analysis of OCR performance
across document collections, allowing researchers
to identify systematic error patterns, benchmark
OCR quality across heterogeneous Arabic sources,
and inform downstream normalization and model
refinement. Overall, this human-in-the-loop
methodology ensures that OCR text used down-
stream such as in Arabic financial NLP bench-
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marks and model training is verifiably accurate
and free from recognition errors that could af-
fect £ <)l ¥V (jurisprudential reasoning) or
SU L},.laﬂ\ (financial analysis). Figure 10 illus-
trates the OCR quality evaluation interface used
during annotation.

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. Follow these rules strictly:

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

* Preserve diacritics (ja31) 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.

e 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.

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.

e 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. Return a JSON object:

9. 9N

”question”:
7answer”: 7.7

}

B Islamic Fatwa Dataset: Sources and
Processing

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,
IS_ MAINLY REFERRAL:

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

set

* ?NO” otherwise.
2. Clean the question. Edit minimally while pre-
serving wording and figh intent:

* Remove greetings, honorifics, and personal ap-

peals (e.g., t:_:!\ le Al W F.lc puu
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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 4: 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.

[l Arabic Finance Sentiment Labeling Tool

[erm—
D POSITIVE @ NEUTRAL ® NEGATIVE
(@ Naviton
@ Previous & nexa 8 5K1P TO UNLABELED )

Figure 8: 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.

« Remove formal closings (e.g., S i ¢ Convert Arabic-Indic numerals to Western nu-
& (eg (ﬂ ;ﬁ 7 merals.

pe il £ ).
* Remove purely formulaic closings such as ;ﬁs Y)

Remove the scholar’s name if it is only a form

of address; keep it only if the question explicitly Al %c | Ll wolneic, Uiy anse Wt of ol

seeks that scholar’s specific fatwa or opinion. advice.
* Ensure the final question reads as a natural, stan- * Always preserve Qur®anic verses and surah refer-
dalone query. ences, hadith attributions, and citations of schol-

ars and their opinions.

3. Clean the answer. Edit minimally while preserv-
ing wording and reasoning: Global rule. Always delete all fatwa numbers from
the cleaned question and cleaned answer.

Input template. TITLE: {title}
QUESTION: {question}
* Remove all fatwa numbers, hyperlinks, and nav- ORIGINAL ANSWER: {answer}

igational phrases, editing surrounding text just Output format. Return a JSON object:
enough to remain grammatical. {

* Remove formal openings and closings so the an-
swer starts with substantive content.
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Figure 9: 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.

”IS__MAINLY_REFERRAL”: ”YES” or ’NO”,
”cleaned__question”: ”...”,
?cleaned answer”: ”..

}

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 (¢ s 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
(99 Al SA-\), preserve the main 4 ¢  s¢2e With-
out distortion, and use appropriaté ity Olodaas
to reflect the opinion of the original scholar (éJ:U).
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.

For an MCQ to be marked as f)&» (RELE-
VANT), it must meet four main criteria. First,
conceptual alignment (4...slall 4s:,l1) the question
should test the same core ruling as the source
fatwa and stay faithful to its reasoning and condi-
tions. Second, correct answer accuracy (il Y1 %>
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im>all) the indicated correct option must exactly
match the original answer, remain free of con-
tradictions, and use precise Islamic legal terms.
Third, distractor quality (&bl &l,Ld:) 35 ) incor-
rect options should be plausible but clearly wrong
according to the fatwa, reflecting common misun-
derstandings rather than random or nonsensical an-
swers. Finally, question clarity (J!5.J e 9) the
MCQ must be clearly phrased, grammatically cor-
rect in 4, )|, and provide enough context to be an-
swerable without referencing the original text.

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 (L &) 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 pb}!\, or too am-
biguous. Technical problems include grammar er-
rors that affect meaning, vague or incomplete ques-
tions, or improper mixing of different _ald in a



Category Total Count
Zakat (357y) 4,888
Riba (L) 2,454
Murabaha (a£1 .) 1,389
Gharar (,_¢) 860
Wagf (_s3,) 730
Tjara (5,l>)) 571
Maysir (wue) 372
Musharaka (-K)L:.n) 242
Mudharaba (% li2s) 228
Takaful ( JbK?) 187
Sukuk (£,52) 32
Total records 11,953

Table 5: Distribution of questions across Islamic fi-
nance categories in the final dataset.

Issue Example from the report

S8 sy ﬂ.x:.&\ Ls®)
7ol
sy pladl LR e O
CM\ las o, ety 2,8
”... Fitch
ki du, vy o gl o el
TYevy ele G (OVss Ll vie) —
combines Arabic currency and West-
ern digits

Islamic Finance
Terminology

Code-switching

Mixed Numeral
Systems

Table 6: Key text difficulties in Arabic financial reports
with real examples

way that confuses the intended ruling.

The evaluation process follows a clear four-step
workflow. First, read the original Q&A carefully,
identify the primary F, any L, & or exceptions,
and the supporting evidence such as Qur’anic
verses or <.Je. Second, analyze the generated
MCQ to check conceptual consistency, faithful-
ness of the correct answer, and plausibility of dis-
tractors. Third, look for red flags such as contra-
dictions, oversimplification, missing qualifiers, or
scenario changes. Finally, make a decision: label
the MCQ as f“y\» if it meets all core criteria (mi-
nor language or formatting issues may be tolerated)
or as f“)&e ¢ if any critical issue is present. This
structured approach ensures that evaluation is con-
sistent, transparent, and preserves the integrity of
Islamic legal reasoning in Al-generated questions.

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 7. The goal is not comparative analysis,
but transparency regarding model coverage across
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language focus, scale, and accessibility.

Arabic Focused Models: ALLAM-7B-
Instruct (Bari et al.,, 2024), Fanar-1-9B-
Instruct (Abbas et al.,, 2025), and SILMA-

9B-Instruct (silma-ai, 2024) were selected to
represent publicly available instruction-tuned
models explicitly adapted for Arabic. These sys-
tems reflect different training strategies and base
model lineages, providing coverage of current
Arabic-centric development efforts.

Open-Source Multilingual Models. Qwen2.5
models (Yang et al., 2024), LLaMA-3.1 mod-
els (Grattafiori et al., 2024), Gemma-2 and
Gemma-3 models (Riviere et al., 2024; Kamath
et al.,, 2025), and Mixtral-8x7B-Instruct (Jiang
et al., 2024) were included as strong open-weight
baselines spanning a wide range of parameter
scales. These models are widely used, well-
documented, and provide reference points for
general-purpose multilingual performance on Ara-
bic financial and jurisprudential tasks.

Proprietary Models. GPT-5 (OpenAl, 2025),
GPT-40 (OpenAl et al., 2024), Claude-4.5
variants (Anthropic, 2025b,c,a), and Gemini-
3-Flash (Google, 2024) were evaluated as
closed-source upper-bound references.  Their
inclusion enables contextualization of open
and Arabic-focused models against contempo-
rary frontier systems, without implying direct
comparability or deployment parity.

D Business and Accounting Exam
Extraction Prompts

Business and accounting exams in Arabic exhibit
heterogeneous layouts, ranging from narrative
exercise-based formats to tabular true/false ques-
tions. 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.

Prompt for Extracting Arabic Accounting
Exam MCQs (Exercise-Based Format)

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 ;& fol-
lowed by a numeral (e.g., \ (&, ¥ (1 8).




Model Organization Size Source / Notes
Arabic-Focused Models

ALLAM-7B-Instruct SDAIA / ALLaM-Al 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

Qwen?2.5-72B-Instruct Alibaba
LLaMA-3.1-70B-Instruct Meta
Qwen?2.5-14B-Instruct Alibaba
Qwen?2.5-7B-Instruct Alibaba
Gemma-2-9B-IT Google
Gemma-3-27B-IT Google
Gemma-3-4B-IT Google
LLaMA-3.1-8B-Instruct Meta
Mixtral-8x7B-Instruct Mistral Al

72B (Yang et al., 2024)
70B (Grattafiori et al., 2024)
14B (Yang et al., 2024)

7B (Yang et al., 2024)

9B (Riviere et al., 2024)
27B (Kamath et al., 2025)
4B (Kamath et al., 2025)
8B (Grattafiori et al., 2024)
8 X 7B (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)

- (OpenAl et al., 2024) (API)
- (OpenAl et al., 2024) (API)
- (Anthropic, 2025b) (API)
- (Anthropic, 2025¢) (API)

- (Anthropic, 2025a) (API)

- (Google, 2024) (API)

Table 7: Models evaluated in this study, grouped into Arabic-focused models, strong multilingual open-source
baselines, and proprietary frontier models used as upper-bound references.

¢ 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
question.

Extract all answer choices labeled as T, <o and
S,

Identify the correct answer by detecting under-
lined text in the choices; underlining indicates the
correct option.

Critical rules.

* Preserve the original Arabic text exactly; do not

choices”: {

” NN N

7
“correct__answer”: 7.,

”is underlined”: true

}
]
}

)

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

paraphrase or normalize.
» Extract all MCQs appearing under each exercise.

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

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

{

Yexercises”: [

” »

“exercise__number”: 7.7,

?exercise__context”: 7.,

?questions”: [

” »

”question__number”: ”...”,
”» N

“full__question_ text”: .7,

Prompt for Extracting Arabic Business

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, \YE, Vo).

* Answer choices typically include £ (True) and
s (False), with optional additional choices.
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* 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.

e Extract all visible answer choices.

* Identify the correct answer by detecting yellow
highlighting.

e Label  questions as  true_false or
multiple_choice accordingly.

Critical rules.

* Preserve Arabic text exactly as written, including
diacritics.

e 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”: ”...”
”question__type”: ”...”
choices”: {

NN, N M

”

I

a’ )
” ., N ”
b”: 7.7,

NN, N 9N
C < ...

” 9

b)
?correct answer”:
”correct_ choice text”:
”has__yellow__highlight”: true,
”subject__area”: "business”
}
I,
"page_info”: {
“total__questions”: ...,
“format”: "table_ with__yellow_ highlighting”,
”language”: ”Arabic”,
”question_ type”: "mixed”
}
}

%N
cee

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 8), with clear de-
cision rules to ensure consistency across Islamic
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and conventional financial reporting.

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 support-
ing 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 in-
creases, successful expansions, or favorable fore-
casts.

* 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.

F Arabic Finance Extractive
Summarization Annotation Guidelines

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
sentences.




¢ Identify the document type (e.g., earnings report,
regulatory announcement, market analysis, com-
pany news).

* Segment the text into sentences using Arabic
punctuation marks (¢ ¢ .).

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

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

* Financial figures: -\ ,;31/ ;L& (profits/losses),
olsly, ;Y\ (revenues), & £l1 .l (percentages).

+ Performance indicators: ,¢/ >l (growth/de-
cline), tLu )/ L4 (increase/decrease).

* Strategic decisions: 3 =Y (acquisition),
CL».W\ (merger), & ) (expansion).

* Regulatory or official actions: 4! &, 3 (au-

thority decisions), <la! | (approvals), as| 3
(licenses).

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 con-
tent.

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.
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Figure 10: 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.

20



[ MCQ Quality Evaluation Tool

" routucas [ g

50 0 0.0%

[ MCQ 5 of 50

Categorysgharar
_ m - B

LU Original Q&A / sua¥l ol gaullg Jl3uall  Generated MCQ / <151 I puull

gt Queston gl ot MEQ Queton ko 21 s
5 G cf 3 ) 5 Lo Ll ) gl i 5 52 g n i g o in o s ) s ) S e 5488 15558 05 5 1 5 e e 0y 0 5 i PRI I g 55l G g il g 520 Sl e il sl e 3L
5 g5 Sy a2 ey R Yl 520 g e O350 e Y 3153 55 i il g 1 il el 25 155 ) Gulisd
i ol AT Ganl s Ul L) Cam 5 ol Ty ine (1 Cmpeall Ax3 5 (2em i3 0gaB 5 e e < e AL Cimpy i llallnn ( anall 555y
s opASM g lhm 5 o I i) 8 cpn e 0 O30l (gt gty Ll Y L g B ol cin iy 13 g mlil Mo b 5 G e
(o 3 o205 ) Tl el 555 Y el Y Siind i pa ol i G e e 81 85 ) 0 mm iy o2 e A Y

ptons S

Original Answer sl ol B G0, 5558 sy i 5 % S B

il g m 5 iy i 55 2 5% ) 0 g 8 Sl B 0 58 g it ) 0 i e 5 el 5,55 L Il 08 A G 2 s B o 5 el S ©
55 55 ] oy ) i a1 g e i V¥ ol e 3l O 2 5355 i AN 3 0 24y L S e e I e oD
e s elal QS0 i 58 0 55 el 5 0 s e Bl 5 55 oy e 540
¥ ol i ey 1L i

ol i Y ARy a1 3
oG | exptanaton e

855 2t iy ] il 0 ps ity iy W1 i Ly ¥ ) Smmay ey o 33,0 olliicd pSa]
s 4y ol 58 s S0 585 1 ol oy 500 A8 iy 30 09 [B-2:PUMI] iy F 858 0 483005 " 5 A1 06 B 5
renl s W S it ) Dbl J 15 i A

om0 g 0 0T a4y e iy ALY Sy Cmf L pca¥) 333 ) S gl 2l g ¢ 55550 LA gl i
i i ¥y T (il ) e 3l o g g Sl il e 0 i

Evaluation / assdll

g _

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.
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G Event-Cause Reasoning Annotation
Guidelines

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 exclu-
sively in the information provided in the report. The
task evaluates whether models can explain why finan-
cial or regulatory events occurred and what their im-
plications are, rather than recalling isolated facts.

Question construction. The question must:

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

* Connect multiple data points from the report
(e.g., financial figures, growth rates, market re-
actions).

* 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 per-
centages when available.

e Provide economic or financial interpretation
(e.g., performance drivers, risk implications, or
market significance).

* Preserve technical and domain-specific terminol-
ogy.

Focus areas. Annotators prioritize questions involv-
ing:

» Market trend analysis and its implications.

* Performance comparison between companies or
sectors.

» Economic significance of observed data patterns.

* Risk assessment based on reported financial indi-
cators.

Quality control procedure. We enforce quality con-
trol through a multi-stage human validation work-
flow:

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.
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2. Agreement assessment. We evaluate agree-
ment at two complementary levels:

* Event—cause identification: measured us-
ing 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 consistency
check rather than a correctness metric.

3. Calibration. Annotators review disagree-
ments from the pilot phase, discuss ambigu-
ous cases (e.g., implicit causality, multi-factor
events, overlapping economic drivers), and re-
fine shared annotation criteria. This calibra-
tion aligns interpretation standards and reduces
annotation drift.

4. Full annotation. After calibration, one ex-
pert annotates the remaining reports under the
agreed guidelines.

5. Audit and correction. A senior annotator au-
dits arandom sample of completed annotations
to verify that each instance:

* Identifies a plausible event and its cause(s)
supported by the report.

e Includes relevant numerical
when available.

* Provides an analytical explanation rather
than a descriptive summary.

evidence

Annotations that fail these checks are revised
or discarded.

Final dataset format. Each finalized instance con-
sists of a financial report, one analytical event—cause
question, and one expert-written answer. This for-
mat supports evaluation using both exact-match and
partial-match metrics and enables controlled bench-
marking of causal reasoning in Arabic financial text.

\

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., \ YV ¢) 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).

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

| %l aw” is normalized to B, while “,Ld|
c?b.a)\ »( C)” is normalized to C. Outputs that do
not contain a valid option after normalization are
marked incorrect.

This procedure ensures that evaluation is ro-
bust to superficial variation in formatting, 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 8 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 exact Arabic prompt shown to the model (in-
cluding any report/excerpt and question), (ii) the
gold reference answer, and (iii) the model’s can-
didate answer. The judge is blind to model iden-
tity and always observes the inputs in fixed, explic-
itly labeled fields (prompt, ground_ truth, can-
didate_answer) to avoid ordering or positional
ambiguity. The judge returns a structured JSON
object containing: (a) rubric sub-scores whose
sum defines an overall score in [0, 10], (b) task-
specific critical error flags (e.g., contradiction with
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the reference, omission of critical constraints, nor-
malization of unlawful elements, or fabrication/al-
teration of figures), and (c) a brief explanatory
note. We enforce a strict JSON schema during
parsing. If a response is invalid JSON or violates
the schema, we retry once with the same inputs
and an explicit JSON-only instruction; persistent
failures are marked invalid and excluded from ag-
gregate scores (we report the invalid-rate). We
run the judge deterministically (temperature = 0.0,
greedy decoding, max output tokens = 4096), and
therefore do not perform repeated judging or score
averaging. Full judge prompts, rubrics, and task-
specific schemas are provided in the following sub-
sections.

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 eval-
uate (Arabic)

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

Scoring (sum to exactly 10).

1. Coverage of core ruling (0-4). The candi-
date must clearly state the same central hukm
(e.g., permissibility/prohibition, validity/inva-
lidity) and include the key justification present
in the ground truth. One-word/minimal an-
swers without essential justification should re-
ceive a much lower score (e.g., 0—1).

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

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




4. Clarity & Arabic language quality (0-1).
Clear Arabic, understandable structure, mini-
mal 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).

e contradicts_ ground_ truth: Does the candi-
date contradict the central ruling?

* 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/fabri-
cated sources claimed that distort the ruling?

* non_ answer__or_ evasive: Does it avoid giv-
ing 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>
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"note”: ?<short NOTE in {NOTE_LANG}>"
}

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)

¢ candidate answer — the model answer to eval-
uate (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).
1. Coverage of core ruling (0-4).
2. Conditions, exceptions, constraints (0-2).
3. Doctrinal/factual accuracy (0-2).
4. Clarity & Arabic language quality (0-1).

5. Directness & on-topic (0-1).

Critical checks (true/false).
* contradicts_ ground_ truth
e omits critical conditions
¢ introduces unlawful elements
¢ hallucinated citations
* non_ answer_or__evasive

e off topic_or_unsafe

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

7scores”: {
?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>

-

7overall”: <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>,
7off _topic_or_unsafe”: <true/false>

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

LLM-as-a-Judge Rubric for Financial Anal-

ysis & Capital Markets (Arabic)

Role. You are an expert evaluator in financial analy-
sis and capital markets.

Inputs (provided each time).

» prompt — the full Arabic prompt (report/excerpt

24



+ question) shown to the model

e ground_ truth — the reference ideal analytical
answer (Arabic)

¢ candidate_ answer — the model answer to eval-
uate (Arabic)

Task. Judge how well candidate_answer matches
ground__truth in conclusions, reasoning, and use
of provided figures. 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 take-
aways align with the reference.

Scoring (sum to exactly 10).

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

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

3. Financial reasoning soundness (0-2).
Causality and mechanisms are plausible and
consistent with standard finance/econ logic
(e.g., pricing vs. credit risk, duration/tenor
structure, demand/oversubscription signals,
capital adequacy).

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

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

Critical checks (true/false).

e contradicts_ ground_ truth: contradicts the
central conclusion of the reference

e fabricates_or_alters_ numbers: introduces
numbers not present or materially distorts re-
ported figures

¢ hallucinates_ context_ or_sources: injects
external context/sources not in the prompt that
change the assessment

e flawed_ financial logic: serious finance/econ
reasoning error that would mislead the conclu-
sion

* non_answer_ or_evasive:
an analytical answer

avoids providing

e off topic_or_unsafe: off-topic or otherwise
inappropriate
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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>

b)
“overall”: <float 0-10>,
“critical__checks”: {
“contradicts__ground__truth”: <true/false>,
“fabricates_or_ alters_ numbers”: <true/false>,
“hallucinates_ context_or_sources”: <true/falsq>,
“flawed_ financial logic”: <true/false>,
“non__answer__or__evasive”: <true/false>,
7off _topic_or_unsafe”: <true/false>

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

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 inde-
pendently score each model response using the
same [0, 10] additive rubric provided to the judge
(Section J). We compare the judge’s scores (from
Gemini-2.5-Flash) to the mean of the two human
scores, obtaining an MSE of 0.41 and a Pearson
correlation of 7 = 0.92. Inter-annotator agreement
is high (k = 0.84 computed on discretized integer
scores). These results indicate that the LL.M-as-a-
judge scores closely track expert human judgments
under our rubric.



Dataset

Original Arabic Prompt

English Translated Prompt

Islamic Sharia Standards

QA

WU Sty Y bR T e o5l
Gy QU s e ool cie 2l disd) Text:
{Question}. {Output] :ae 2l Lol Tfé} 4yl

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 aadlly el ey 201 (6T e L
OB e Ws VL af ey hade 1k QU JI5)
{Question|. :J5.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}

Islamic Financial Fatwa

MCQ

By ) 2LY Sl Rl U i) T3
Va2l (K;\( Sl {Questiond. :{\}.J\ Text:
{Choices}. +Laa gl sl 2~ -~ 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

ovmal) Bl ly Gl QW) IS T3 Text:
{Choices}. : L&l {Question]. :JI5Jl Answer:

b el LA B ]

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

dmmal) Bl Y ey Gl QU JI5 T3 Text:
{Choices}. :, L4l {Question]. :JI5dl 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.

e e el il Ly Q1 QU1 ) 3y T35
il {Input]. 1y &) Text: / L}lﬁ;\‘) Answer:
(e ] G

Read the following financial report carefully and
choose the correct label from an investor’s per-
spective. Text: Report: {Input}. Answer: (Posi-
tive / Negative / Neutral).

Financial Report
Sentiment Analysis
MCQ

Report Extractive
Summarization

Gl Gl plasealy U QU &l e ¢
Summarization). (Extractive '4:}’? 55 i J& s
L ¢l 83k 51 s O s;;w o2l e 8 2ka
Mld ks o2 e 40%-30 ol o
Folslly 21y SV BV e 5 ¢l Text:
%Inp‘uts. e (:;i 09> Lap sl ij Answer:
oA

Summarize the following financial report using
extractive summarization (select sentences verba-
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

QA

K2y Mol Il e ool U1 QW e 2Ly
LB Gl 3 as,) ) Sl plAY) o Gy e
{Question}. :JI3Jl {Input]. :JUl , &l 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 8: Instruction templates used for SAHM tasks (Arabic prompts are used in evaluation; English translations

document task intent).
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