
Proceedings of The Third Arabic Natural Language Processing Conference, pages 914–922
November 8-9, 2025 ©2025 Association for Computational Linguistics

Athar at QIAS2025: LLM-based Question Answering Systems for Islamic
Inheritance and Classical Islamic Knowledge

Yossra Noureldien1 Hassan Suliman2 Farah Attallah1

Abdelrazig Mohamed1 Sara Abdalla3

1University of Khartoum 2African Institute for Mathematical Sciences
3International Islamic University Malaysia

{yossra.noureldien, farah.hassan, abdelrazig.mohamed}@uofk.edu
hassan.suliman017@gmail.com ssa_abdalla@iium.edu.my

Abstract

The intersection of Arabic linguistic complex-
ity and specialized reasoning presents a key
challenge for Islamic question-answering sys-
tems, particularly in the under-addressed area
of inheritance law. This paper presents our
methodology for the QIAS2025 shared task,
assessing LLM capabilities in Islamic knowl-
edge through two subtasks: Inheritance Rea-
soning (ʿilm al-mawārīth) and General Islamic
Assessment. A zero-shot, prompt-based ap-
proach with DeepSeek-R1 (deepseek-reasoner)
addresses the former, while a three-stage RAG
pipeline handles the latter. Our approaches
achieved competitive results, with an accu-
racy of 0.704 for inheritance reasoning (10th
place/15 teams) and 0.9272 for general Islamic
assessment (2nd place/10 teams), demonstrat-
ing the efficacy of tailored model strategies for
religious QA. These insights pave the way for
more culturally and linguistically adaptive AI
systems in Islamic scholarly applications.

1 Introduction

Arabic Islamic question-answering (QA) systems
face dual challenges of linguistic complexity and
specialized domain knowledge requirements. In-
heritance law (ʿilm al-mawārīth) and classical Is-
lamic scholarship remain computationally under-
explored, despite growing demand for accessible
religious knowledge through digital platforms.

Historically, Islamic QA relied on symbolic
systems such as rule-based expert systems and
ontology-driven frameworks (Alshahad and Abu-
tiheen, 2015; Zouaoui and Rezeg, 2021) or tradi-
tional information retrieval, effective in structured
domains like inheritance law, but limited in han-
dling linguistic variation and complex reasoning.

Modern large language models (LLMs) (e.g.,
GPT series (Radford et al., 2018)) and Arabic-
centric models (e.g., ALLaM (Bari et al., 2024))
offer greater flexibility and cultural alignment, yet

their evaluation in specialized domains like inher-
itance and multi-disciplinary Islamic studies re-
mains scarce, motivating the need for dedicated
benchmarks.

The QIAS2025 shared task (Bouchekif et al.,
2025a) establishes a benchmark for evaluating
LLMs across two domains: SubTask 1, Islamic
Inheritance Reasoning, uses multiple-choice ques-
tions (MCQs) to test rule application, proportional
reduction (ʿawl), exclusion (ḥajb), and precise
share allocation; and SubTask 2, Islamic Stud-
ies Assessment, comprises MCQs derived from 23
classical Islamic texts spanning Qur’anic studies,
ḥadīth, fiqh, uṣūl al-fiqh, and sīrah

This paper presents our approach to the
QIAS2025 shared task, addressing the two sub-
tasks:

• SubTask 1: Zero-shot DeepSeek-R1 pipeline
for inheritance reasoning, with output-
constrained prompting and regex-based label
extraction.

• SubTask 2: Three-stage hybrid RAG pipeline
for general Islamic assessment, combining
dense and BM25 retrieval with LLM rerank-
ing.

• Results: Competitive leaderboard rankings,
10th/15 for inheritance reasoning and 2nd/10
for general Islamic assessment.

2 Related Work
Recent advancements in transformer-based archi-
tectures and fine-tuning methodologies have signif-
icantly shaped Arabic Islamic question-answering
systems. The field has seen significant progress
through shared tasks such as Qur’an QA 2022
(Malhas et al., 2022), with notable contributions in-
cluding Basem et al. (2025) expanding the Qur’an
QA dataset to 1,895 question-answer pairs, achiev-
ing MAP@10 of 0.36 and 75% success in zero-
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answer detection, and Abdallah et al. (2024) intro-
ducing ArabicaQA with over 89,000 questions for
comprehensive Arabic QA benchmarking.

Domain-specific approaches have emerged for
Islamic knowledge processing. For instance, Adel
et al. (2023) developed AraQA for authentic reli-
gious texts with careful dataset curation to reduce
misleading answers, while Alan et al. (2025) pro-
posed MufassirQAS, a RAG-based system outper-
forming ChatGPT through vector databases and
fact-checking mechanisms. Additionally, Qamar
et al. (2024) developed a large-scale dataset with
73,000+ QA pairs for Tafsir and Ahadith, reveal-
ing limitations in automatic evaluation metrics and
emphasizing the need for human expert assessment
in religious QA contexts. Sibaee et al. (2025) have
also addressed Arabic language model assessment
challenges, with comprehensive studies revealing
significant performance variations across cultural
and specialized domains.

Despite these advances, significant gaps remain
particularly in computational approaches to Is-
lamic inheritance law (ʿilm al-mawārīth), which re-
quires precise numerical calculations. While Al-
shammary et al. (2024) demonstrated promising
results with their RFPG RAG model, most prior
work focuses on extractive QA or general Islamic
content. Most recently, Bouchekif et al. (2025b)
conducted a large-scale evaluation of seven LLMs
on Islamic inheritance, finding strong results for
reasoning-oriented models but major errors in
open-source Arabic ones.

Our participation in QIAS2025 explores both
specialized inheritance reasoning and broader
Islamic knowledge assessment through domain-
specific MCQs. By tackling these distinct chal-
lenges, our work contributes novel empirical in-
sights into the capabilities and limitations of LLMs
in religious question answering.

3 Data

The QIAS2025 shared task provided two datasets
from distinct domains, summarized in Table 1.

For SubTask 1, the dataset comprises Arabic
multiple-choice questions in Islamic inheritance
(ʿIlm al-Mawārīth), each with six options (A–F). It
includes 20,000 training, 1,000 development, and
1,000 test examples, plus 3,165 IslamWeb fatwas
as extra data. For SubTask 2, the dataset consists of
multiple-choice questions with four options (A–D)
drawn from classical Islamic texts spanning fiqh,

ḥadīth, tafsīr, and other disciplines. The develop-
ment set has 700 questions from 21 books, and the
test set has 1,000 questions from 23 books (includ-
ing two unseen in the development set).

Task Train Dev Test Extra Data
SubTask 1 20,000 1,000 1,000 3,165 fatwas
SubTask 2 – 700 1,000 23 classical texts

Table 1: Dataset statistics and additional resources for
the QIAS2025 subtasks.

4 System Overview

Our proposed solution addressed the QIAS2025
shared task through two distinct pipelines, each tai-
lored to the requirements of its respective subtask.

For Subtask 1, we tested several reasoning-
capable models via in-context prompting and se-
lected DeepSeek-R1 for its strong Arabic reason-
ing and cost-effective API. For Subtask 2, we nor-
malized the provided corpus of 23 classical books
spanning HTML and DOCX formats, enabling the
construction of a unified hybrid index. We experi-
mented with several retrieval strategies, including
retrieving surrounding passages and hybrid fusion,
and found that applying a LLM reranker yielded
the best approach. Across both subtasks, the de-
sign emphasizes robustness to varied encodings,
domain specificity, and consistent answer format-
ting.

4.1 SubTask 1: Islamic Inheritance
Reasoning

To handle the complex reasoning required in
Islamic inheritance (ʿIlm al-Mawārīth), we em-
ployed a zero-shot, prompt-based approach with
the deepseek-reasoner model (DeepSeek-R1-
0528) via API (DeepSeek-AI et al., 2025). No fine-
tuning was performed; instead, the model was di-
rectly evaluated in zero-shot mode, leveraging its
Arabic reasoning capability. The domain-specific
Arabic prompt is illustrated in Figure 1, and the
English translation is provided in Appendix A.

Prompt Design. The prompt included the ques-
tion, six answer options, and a strict instruction
to output only the correct choice in the format
<answer> X </answer>, producing determinis-
tic, machine-readable results. This format elimi-
nated ambiguity and avoided the mixing of Arabic
text with answer labels. We did not experiment
with alternative prompt formats, as our primary ob-
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System Prompt:

المواريث. الفرائض علم متخصصفي عالم أنت
والحساب. الإسلامي الفقه باستخدام تجاوب

User Prompt:

دون مباشر بشكل التالي السؤال عن اجب
مثل الوسم داخل فقط الصحيح الخيار حرف ضع ثم شرح

<answer> B </answer>

السؤال:
QUESTION

الخيارات:
A) OPTION_A B) OPTION_B C) OPTION_C
D) OPTION_D E) OPTION_E F) OPTION_F

الصيغة: بهذه فقط الجواب اكتب
<answer> X </answer>

Figure 1: Zero-shot prompt used in SubTask 1

jective was to suppress free-form “thinking” out-
puts and enforce consistent, extractable answers.

Pipeline Execution. Following prompt construc-
tion, each instance was submitted to the DeepSeek
API using fixed decoding parameters. Model re-
sponses were then parsed using a regular expres-
sion to extract the predicted label. All model out-
puts and extracted answers were logged per in-
stance to ensure reproducibility and support error
analysis. The pipeline operated in a CPU-only en-
vironment via the paid API tier, ensuring stable la-
tency and no token constraints.

4.2 Subtask 2: Islamic Studies Assessment
For this task, a RAG pipeline was adopted to
manage the semantic diversity of questions, het-
erogeneous text formats, and the need for source-
grounded reasoning. The pipeline was inspired by
methodologies from the RAG-Challenge-2 repos-
itory1, and the overall workflow is shown in Fig-
ure 2. Translation of Arabic text is available in Ap-
pendix A.

Corpus Ingestion and Indexing. After normal-
izing the corpus into plain text for consistency
across formats, each book was segmented into
semantically coherent passages using LangChain’s
RecursiveCharacterTextSplitter, config-
ured with a chunk size of 500 characters and
a 50 character overlap to preserve contextual
continuity. This overlap mitigates semantic
fragmentation across chunk boundaries, a tech-
nique commonly used in multilingual and Arabic
NLP. Each chunk was embedded using OpenAI’s

1https://github.com/IlyaRice/
RAG-Challenge-2

Figure 2: Pipeline used in SubTask 2

text-embedding-3-large model, producing
dense semantic vectors. These were indexed
using FAISS’s IndexFlatIP for dense similarity
search (Johnson et al., 2021). In parallel, sparse
representations were computed using the Okapi
BM25 algorithm (Robertson and Zaragoza, 2009)
to support lexical-level retrieval. Each chunk was
also stored with metadata such as book title to
support traceability and analysis.

Hybrid Retrieval and Reranking. To leverage
both semantic and lexical retrieval, we adopted
a hybrid strategy without score fusion. Instead
of α-weighted interpolation, we performed paral-
lel top-k retrieval: the top 7 passages were re-
trieved independently from FAISS and BM25, pro-
ducing a 14-passage candidate set that maintained
both semantic relevance and lexical precision. Our
methodology prioritized demonstrating the hybrid
approach’s optimal performance for Islamic in-
heritance QA, with individual retrieval compo-
nent analysis considered beyond the current work’s
scope and suitable for future comparative studies.
A lightweight reranking stage using GPT-4o-mini
was then applied to semantically compare the ques-
tion with each of the 14 retrieved passages and se-
lect the 5 most relevant ones for the final answer
generation stage.
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Answer Generation. In the final stage, the top
5 passages, selected by the reranker, were used as
contextual input for answer generation with GPT-
4o. These passages were injected into a con-
strained multiple-choice question prompt, which
explicitly instructed the model to return only a sin-
gle answer choice, formatted within an <answer>
tag. This strict output format minimized genera-
tion variability. Importantly, no model fine-tuning
was performed at any stage. Both the reranking and
answer generation components operated in zero-
shot inference mode, relying solely on carefully
crafted prompts and high-quality context to guide
the model’s reasoning.

5 Results
5.1 Evaluation and Performance
Accuracy was used as the primary evaluation met-
ric across both subtasks, defined as:

Accuracy =
Correct_predictions

Total_samples

This metric directly reflects the proportion of cor-
rectly answered questions, making it appropriate
for multiple-choice QA tasks. Our evaluation was
carried out on both the development and test sets,
with results summarized in Table 2.

Task System Devset Testset
Subtask 1 DeepSeek API with Di-

rect Prompting
0.885 0.704

Subtask 2 RAG with Hybrid
Retrieval and LLM
Reranker

0.914 0.927

Table 2: Accuracy of Development and Test Sets

Leaderboard rankings were determined using
the test set. In Subtask 1, our system ranked 10th
out of 15 teams, with the top score reaching 0.972.
In Subtask 2, we placed 2nd out of 10 teams, with
the best score recorded at 0.937.

Beyond leaderboard ranks, we provide statistical
analysis using Wilson confidence intervals, which
offer superior boundary handling for proportion es-
timates. In Subtask 1 (6 options; chance = 16.7%),
our system achieved 70.4% accuracy on N=1000
with CI [67.5%, 73.2%]. In Subtask 2 (4 options;
chance = 25%), we applied majority-rule dedupli-
cation yielding N=729 samples, with accuracy of
92.32% and CI [90.16%, 94.04%]. Both confi-
dence intervals demonstrate substantial separation
from chance levels, indicating robust performance

well beyond random selection. The Wilson inter-
val methodology ensures reliable statistical infer-
ence even near boundary conditions, while the sub-
stantial sample sizes support the stability of our ac-
curacy estimates, though formal hypothesis testing
could further strengthen these findings.

5.2 Results Analysis
For Subtask 1, our evaluation highlights three
main trends:

• General Performance Gap: Accuracy
dropped from 88.5% on the development
set to 70.4% on the test set (–18.1%). Test
questions were longer (140 vs. 97 characters,
+43.8%) and answer options were much
longer (653 vs. 117, 5.57×), as shown in
Figure 3, suggesting a possible domain shift
with added lexical variety and detail that
increased reasoning difficulty.

Figure 3: Subtask 1: Dev/Test sets length distributions
(questions & options). Test is longer on average.

• Level Sensitivity: Questions were labeled
Beginner or Advanced. On the development
set, accuracy was 90.0% for Advanced and
87.0% for Beginner. On the test set, it
dropped to 70.6% and 70.2% respectively.
The similar decline across both levels indi-
cates the drop was driven by overall complex-
ity rather than by a specific difficulty cate-
gory.

• Error Patterns: Accuracy varied by heir cat-
egory. For example, questions mentioning
لأم/لأب أختشقيقة/ (sisters) had an accuracy
of 0.644, while those mentioning زوجة/زوج
(spouse) reached 0.794. These results are
based on inclusive category, meaning each
question is counted under every heir it in-
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volves. Appendix B contains a qualitative er-
ror example.

For Subtask 2, performance was consistent across
development and test sets. Analysis focuses on
three aspects:

• Error Causes: Two main issues contributed
to mistakes: (i) relevant passages were not re-
trieved; and (ii) even when correct passages
were retrieved, the LLM sometimes failed to
select the right option. Examples of errors are
available in Appendix B.

• Performance by level: Questions were la-
beled Beginner, Intermediate or Advanced.
Accuracy was 96.7% on Beginner questions,
95.3% on Intermediate and 78.7% on Ad-
vanced. This shows that the system handled
easier questions well but dropped on more
challenging ones.

• Performance by Source: Results varied by
book. Accuracy was lowest on المغيث فتح
(63.6%) but reached (100%) on sources such
as المنهجي الفقه and المختوم .الرحيق This
indicates that differences in style, terminol-
ogy, and content across sources significantly
affected retrieval and answer selection. Fig-
ure 4 illustrates the top 5 lowest and highest
sources by accuracy.

0.00 0.25 0.50 0.75 1.00
Accuracy

فتح المغيث
مغني المحتاج

الزيادة والإحسان في علوم القرآن
 تشنيف المسامع

شرح المقاصد
منهج النقد في علوم الحديث

فنون الأفنان في عيون علوم القرآن
مقدمة ابن الصلاح

الرحيق المختوم
الفقه المنهجي

Top 5 Lowest and Highest Sources

Figure 4: Top 5 lowest and highest sources by accuracy.

The findings highlights that Subtask 1 requires
stronger complex reasoning, whereas Subtask 2
would benefit from enhanced retrieval and LLM
comprehension to achieve more reliable answer se-
lection.

6 Conclusion
This paper presented our systems for the
QIAS2025 shared task on Islamic Inheritance

Reasoning and Classical Islamic Knowledge.
We implemented a direct prompting approach
for Subtask 1, achieving 70.4% accuracy, and
a hybrid RAG pipeline combining FAISS and
BM25 retrieval with GPT-4o-mini reranking for
Subtask 2, achieving 92.72%. The analysis re-
vealed that inheritance reasoning demands careful
handling of longer and more complex scenarios,
while Subtask 2 highlighted retrieval performance
variation across diverse classical sources. While
our systems demonstrated excellent performance,
broader deployment requires addressing critical
ethical and performance challenges.

Ethical Considerations

While the QA systems presented in this paper
demonstrates excellent accuracy performance, the
broader deployment of such systems requires care-
ful attention to inherent challenges. These chal-
lenges include hallucination and misinformation
risks (Khalila et al., 2025), algorithmic bias af-
fecting diverse religious communities (Gupta and
Giannoccaro, 2024), privacy concerns with sen-
sitive spiritual data (Liu et al., 2025), and ques-
tions about authenticity in AI-mediated spiritual
experiences (Alkhouri, 2024). Successful im-
plementation requires inclusive algorithm design
(Habib, 2025), transparent accountability mea-
sures (Sarker, 2024), and human oversight to en-
sure responsible and effective deployment in reli-
gious contexts. Such measures are essential for en-
suring responsible AI deployment that respects the
diversity and sensitivity inherent in religious con-
texts.
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Appendices
A Translations of Figures’ Arabic Text
Figure 1: Zero-shot prompt used in SubTask 1

• System Prompt: You are a scholar special-
ized in inheritance law (ʿilm al-farāʾiḍ), an-
swer using Islamic jurisprudence and arith-
metic.

• User Prompt: Answer the following ques-
tion directly without explanation, then place
only the correct option letter inside the tag e.g.
<answer> B </answer>.

• Label: Write the answer only in this format:
<answer> X </answer>

Figure 2: Pipeline used in Subtask 2

• LLM Reranker
System Role: You are an intelligent assistant
in Islamic jurisprudence.
User Input: Question + Passage.
Output: score: 0-1

• LLM Answerer
System Role: You are an expert assistant.
User Input: Question + 5 Passages + 4 Op-
tions.
Output: (A/B/C/D)

B Qualitative Errors Examples
Subtask 1 (Inheritance Reasoning):

• Multiple-choice inheritance question in
which Gold = D, Pred = A ( Figure B1).

Subtask 2 ( Islamic Studies Assessment):

• Answer-absent: the correct answer is missing
from hybrid retrieval and thus absent from
the reranked context; the model guessed in-
correctly. Gold = B, Pred = A (Figure B2).

• Evidence-present: The correct option is sup-
ported in the reranked context, but the model
chose a different option. Gold = C, Pred = A
(Figure B3).

Figure B1: Example Error from Subtask 1
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Figure B2: Example Error from Subtask 2 (Answer-absent)
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Figure B3: Example Error from Subtask 2 (Evidence-present)
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