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Abstract

Large Language Models (LLMs) frequently
generate answers that are fluent but not fully
grounded in the provided context, a phe-
nomenon commonly referred to as hallucina-
tion. While recent work has explored hallu-
cination detection primarily in English and
open domain settings, comparatively little atten-
tion has been given to Arabic machine reading
comprehension (MRC), particularly in cultur-
ally sensitive domains such as Qur’anic texts.
In this paper, we present a knowledge graph
based diagnostic framework for analyzing hallu-
cinations and question misalignment in Arabic
MRC. Rather than proposing a new detection
model or metric, the framework provides an
interpretable, triple level analysis of model gen-
erated answers by comparing subject-relation-
object representations derived from the passage,
the question, and the answer. The approach in-
corporates question-aware filtering and operates
under weak supervision, combining automatic
analysis with targeted human adjudication to
handle annotation gaps and semantic ambigu-
ity. We apply the framework to the Qur’anic
Reading Comprehension Dataset (QRCD) and
demonstrate how it exposes systematic hallu-
cination patterns that are difficult to capture
using surface level similarity metrics alone, par-
ticularly for questions requiring justification or
abstract interpretation. The results highlight the
value of structured, transparent diagnostic eval-
uation for understanding LLM behavior in low
resource and high stakes Arabic NLP settings.

1 Introduction

Large language models (LLMs) are now widely
used across a range of natural language processing
tasks, including dialogue, summarization, transla-
tion, and open ended text generation (Zhao et al.,
2023). Despite their strong empirical performance,
their outputs cannot always be assumed to be fully
reliable. In particular, LLMs may generate re-
sponses that are linguistically fluent yet insuffi-

ciently supported by the source text or underlying
facts. This behavior, commonly referred to as hal-
lucination has been documented across tasks and
model architectures (Huang et al., 2025; Ji et al.,
2023; Maynez et al., 2020). In settings where an-
swers are expected to be directly grounded in a
given context, such behavior poses challenges for
trustworthiness, especially in knowledge intensive
and high stakes domains (Liu et al., 2023; McIntosh
et al., 2023).

Analyzing hallucinations is therefore a necessary
but non-trivial step toward understanding and miti-
gating them. Hallucinated content is often context
dependent and may not be detectable through sur-
face level similarity measures alone. For this rea-
son, recent work has explored structured represen-
tations, such as knowledge graphs, to make factual
relationships explicit. By modeling information in
terms of entities and relations, knowledge graphs
enable more direct comparison between generated
outputs and trusted sources, revealing inconsisten-
cies that may otherwise remain unnoticed (Sansford
et al., 2024). Beyond evaluation, such representa-
tions have also been incorporated into generation
pipelines, where they can constrain model behav-
ior and reduce unsupported claims (Agrawal et al.,
2023; Guan et al., 2024).

In this paper, we explore these ideas in the con-
text of Arabic machine reading comprehension
(MRC), with a particular focus on Qur’anic pas-
sages. Qur’anic Arabic poses distinctive challenges
for automatic processing: the language is Classi-
cal rather than modern, meaning is often conveyed
implicitly, and even small inaccuracies can have dis-
proportionate interpretive consequences. While hal-
lucination detection has been studied extensively in
English and in open-domain settings, comparatively
little attention has been given to low resource and
culturally sensitive contexts (Mubarak et al., 2024),
and even less to Arabic religious texts. In that study,
we examined model outputs using a combination of
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automatic metrics and manual inspection, identify-
ing recurring error patterns such as missed entities,
unsupported answers, over quotation of verses, and
failures to respect the semantic focus of the ques-
tion. While this analysis offered insight into the
types of errors produced by LLLMs and their varia-
tion across prompting strategies, it did not provide a
scalable way to identify such issues in a systematic
manner. The present paper addresses this limitation
by introducing a structured diagnostic framework
that captures these error patterns explicitly at the
level of subject-relation—object triples.

We evaluate the framework in a weakly super-
vised setting, assuming access only to the pas-
sage, the question, and a reference (gold) answer,
without relying on explicit hallucination annota-
tions. Model generated answers are transformed
into triples and compared against knowledge repre-
sentations derived from the passage, allowing hallu-
cinated, missing, off-focus, and supported content
to be identified. Human adjudication is reserved for
genuinely ambiguous cases. The framework is de-
signed to balance automation with interpretability,
reflecting both the limitations of existing gold an-
notations and the linguistic complexity of Classical
Arabic. Rather than producing a single correctness
score, it serves as a diagnostic tool that supports
fine-grained inspection of model behavior.

Overall, our approach addresses two practical
challenges: first, the scarcity of datasets annotated
specifically for hallucination detection in Arabic
MRC, which limits the applicability of fully su-
pervised methods; and second, the need for inter-
pretable and linguistically grounded evaluation tech-
niques that are suitable for low resource and cultur-
ally sensitive domains.

The main contributions of this work can be sum-
marized as follows:

* We introduce a knowledge graph based diag-
nostic framework for triple level analysis of
hallucinations and question misalignment in
Arabic machine reading comprehension.

* We propose a question-aware error taxonomy
that distinguishes between supported, missing,
hallucinated, oftf-focus, and gold-only content
under weak supervision.

* We present an empirical diagnostic analysis of
LLM behavior on Qur’anic reading compre-
hension, highlighting systematic hallucination

patterns that are not captured by surface level
evaluation metrics.

While this work focuses on model-generated an-
swers, our goal is not to rank or compare models in
terms of overall performance. Instead, we treat gen-
erated answers as diagnostic artifacts that allow us
to examine how hallucinations arise during the gen-
eration process. By analyzing model outputs at a
fine-grained, triple-based level, the framework aims
to expose patterns of failure that remain opaque un-
der standard correctness-oriented evaluation met-
rics.

The remainder of the paper is organized as fol-
lows. Section 2 reviews related work. Section 3 de-
scribes the proposed framework. Section 4 presents
the experimental results and analysis. Finally, Sec-
tion 5 concludes the paper and highlights directions
for future research.

2 Related Work

LLMs have demonstrated strong performance on
open domain question answering and machine read-
ing comprehension. At the same time, a grow-
ing body of evidence shows that these models fre-
quently produce hallucinated responses that are flu-
ent but not grounded in the source text or supported
by external knowledge (Ji et al., 2023; Maynez et al.,
2020). This vulnerability has prompted extensive
research on how to evaluate and mitigate factual
inconsistency in generated outputs.

Early evaluation methods have largely relied
on reference based metrics such as Accuracy, F1,
ROUGE, and BLEU (Miindler et al., 2023; Zhang
et al., 2023a). Although effective at capturing sur-
face level overlap, these metrics often fail to dis-
tinguish between answers that are genuinely sup-
ported and those that merely resemble a reference.
To address this limitation, prior work has explored
alternative signals, including token level confidence
and probability based approaches (Manakul et al.,
2023), attribution and preservation oriented metrics
(Chen et al., 2023; Zhang et al., 2023b), and correla-
tion based measures such as Pearson and Kendall’s
7 (Elaraby et al., 2023). Although these techniques
provide complementary perspectives, many remain
sensitive to phrasing variation and do not explicitly
model factual structure.

More recently, knowledge graph based ap-
proaches have been proposed as a way to make fac-
tual relationships explicit and interpretable. (Sans-
ford et al., 2024) introduced GraphEval, which rep-
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resents both reference content and model outputs
as sets of triples and evaluates hallucinations by
comparing their graph structures. This formulation
allows errors to be localized at the level of individ-
ual relations rather than entire answers.

Similarly, (Fang et al., 2025) proposed a zero
resource hallucination detection method that mod-
els context and generated text as knowledge graphs
and aligns extracted triples to identify unsupported
claims. Related efforts include GraphHallucination
(Zhang et al., 2023c), which provides a benchmark
for graph based factual consistency evaluation in
summarization, and FactScore (Min et al., 2023),
which decomposes generated text into atomic facts
and verifies them against evidence. Unlike scoring-
based approaches, our framework is diagnostic and
focuses on identifying supported, missing, and hal-
lucinated content at the triple level.

While these graph and claim based methods have
advanced hallucination analysis in English and open
domain settings, their applicability to Arabic—and
especially to religious texts remains limited. Most
existing frameworks assume linguistic resources,
normalization pipelines, and annotation standards
that do not readily transfer to Arabic, let alone to
Classical or Qur’anic Arabic. In addition, prior
work typically evaluates freely generated text rather
than tightly constrained reading comprehension
tasks where answers must be grounded in a fixed
passage.

Arabic NLP presents additional challenges aris-
ing from rich morphology, orthographic variation,
and the limited availability of labeled data and
domain-specific tools (Alyafeai et al., 2021; An-
toun et al., 2020; Mohamed and Al-Azani, 2025).
These issues are amplified in the context of sacred
texts such as the Qur’an, where meaning is often
implicit and even minor inaccuracies can carry sig-
nificant interpretive consequences (Algahtani et al.,
2022; Al-Azani et al., 2025). Despite this, relatively
little work has focused on systematic, symbolic eval-
uation of LLM outputs for Arabic religious texts,
and most existing studies rely on surface similarity
metrics or manual inspection.

Our work builds on prior research in knowledge
graph based hallucination evaluation while address-
ing these gaps. Rather than proposing a new de-
tection algorithm, we focus on the adaptation and
operationalization of symbolic, triple level evalu-
ation for Arabic machine reading comprehension
over Qur’anic passages. The framework operates
entirely in Arabic, incorporates question-aware fil-

tering, and is designed to function under weak su-
pervision with targeted human adjudication. This
positioning distinguishes our approach from ear-
lier graph based methods and makes it suitable for
low resource, culturally sensitive, and high stakes
evaluation settings.

Finally, this paper should be read in conjunction
with our earlier empirical study on Qur’anic read-
ing comprehension (AlGhamdi et al., 2025), which
analyzed LLM outputs using similarity based met-
rics and manual inspection to characterize common
error patterns. While that work focused on diagnos-
ing model behavior and identifying recurring hal-
lucination types, it did not propose a structured or
scalable evaluation mechanism. The present work
complements it by operationalizing these observa-
tions through a symbolic, knowledge graph based
diagnostic framework.

3 Knowledge Graph Based Diagnostic
Framework

This section describes the diagnostic evaluation
framework used to analyze hallucination and ques-
tion relevance in LLM generated answers for Ara-
bic machine reading comprehension (MRC). An
overview of the framework is shown in Figure 1.
Rather than treating model outputs as unstructured
text, the framework represents both passages and an-
swers using lightweight knowledge graphs and com-
pares them at the level of extracted triples. The de-
sign combines automatic processing with targeted
human adjudication, allowing ambiguous cases and
incomplete gold annotations to be handled in a prin-
cipled way.

3.1 Data Preparation

All experiments are conducted on the Qur’anic
Reading Comprehension Dataset (QRCD) (Malhas
et al., 2023). The dataset contains 992 passage-
question-answer instances spanning 603 unique
Qur’anic passages, with an average of approxi-
mately 1.64 questions per passage. Each instance
consists of a short Qur’anic passage (typically two
to five verses), a natural language question, and a
gold standard answer annotated by humans. The
dataset is particularly suitable for studying ground-
ing and hallucination, as answers are expected to
be derived from the passage rather than freely gen-
erated.

To support our diagnostic framework, we aug-
ment the original dataset with model generated an-
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Figure 1: Knowledge graph based diagnostic framework.

Quranic Passage & 15,4411

Question:Who was the prophet that went 1o prison?

Figure 2: Example from the QRCD dataset.

Model Recall Precision F1
ALLaM 76.24% T2.71%  74.16%
GPT-4 79.15% 77.04%  77.89%
LLaMA-3  77.54% 80.04%  78.60%

Table 1: Overall performance of the evaluated LLMs on
QRCD.

swers and derived annotations required for knowl-
edge graph comparison. Figure 2 shows a represen-
tative example, where the gold answer (“Joseph”)
is highlighted and the supporting verse is marked
within the passage.

In such cases, the gold answer is an entity men-
tion rather than a relational statement. In our frame-
work, single-entity answers are handled through an
entity-centric representation: the entity is kept as a
node and aligned to the question predicate during
comparison, allowing these instances to be evalu-
ated within the same triple-based pipeline.All text
is processed in Arabic without translation.

We generate answers using three large language
models: GPT-40-mini (OpenAl, 2023), LLaMA-3
(Grattafiori et al., 2024), and ALLaM (Bari et al.,
2025). These outputs were originally produced dur-
ing an earlier exploratory study focused on char-
acterizing model behavior rather than structured
evaluation. For the experiments reported here, we
select LLaMA-3 as the primary model for pipeline
assessment, as it achieved the strongest balance
between precision and recall across standard met-
rics, as shown in Table 1. This makes it a suitable
candidate for stress testing the proposed diagnostic
framework.

Each evaluation instance therefore includes four
components: the passage, the question, the gold an-
swer, and the model generated answer. These form
the inputs to the subsequent stages of the frame-

Question Type  Question Type in English  Count
L what 444
Jo is / does 151
O who 132
13L) why 52
wio when 19
S how 17
oo b what is / are 211
RV what are the indications 144
o2 o who are 88
dle Jo is there / are there 39

Table 2: Distribution of common question starters in the
QRCD dataset.

work.

3.2 Dataset and Question Focus

We evaluate the proposed framework on 992 Arabic
Qur’anic reading comprehension questions drawn
from the QRCD dataset. The questions exhibit sub-
stantial variation in both form and intent, reflecting
the linguistic and semantic diversity of Qur’anic
inquiry. Most questions begin with a small set of
common interrogative forms, either as single words
or short phrases. The most frequent single word
question starters are shown in Table 2.

To support question-aware evaluation, we auto-
matically categorize questions by their expected
semantic focus, NER-related questions. Using this
categorization, 132 questions are identified as per-
son focused, 249 as reason focused, 25 as animal
related, 19 as time related, and 7 as location re-
lated, with the remaining 549 questions falling into
a broader other category. This distribution high-
lights the dataset’s heterogeneity and underscores
the need for a diagnostic framework capable of han-
dling both entity centric and reasoning questions.

3.3 Knowledge Triple Extraction

To enable structured comparison, passages and an-
swers are converted into sets of subject-relation—ob-
ject triples using an automatic Arabic information
extraction pipeline. We first apply the Stanza toolkit
(Qietal., 2020) to extract noun phrases, which serve
as candidate concepts. Named entities are identi-
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fied using CAMeL-BERT (Inoue et al., 2021), a
transformer based Arabic NER model.

To capture semantic relations, we prompt AL-
LaM and GPT-40-mini with a small number of in
context examples to extract triples from the text.
These models were selected based on pilot exper-
iments demonstrating reliable instruction follow-
ing behavior in Arabic. The extracted triples are
converted into a consistent (subject, relation, ob-
ject) format, lightly normalized using simple rule-
based canonicalization, and deduplicated using ex-
act matching before comparison. Triples are stored
separately for the passage, the gold answer, and the
model generated answer.

Although this extraction process is automated
and reproducible given fixed inputs and prompts,
minor variation may arise due to the stochastic na-
ture of LLM based extraction. To minimize extrac-
tion bias, we use identical prompt templates and
extraction settings for all text sources, including the
passage, the gold answer, and the model generated
answer. As a result, differences observed in the
extracted triples reflect differences in the underly-
ing content rather than artifacts of the extraction
process.

3.4 Knowledge Graph Construction

From the extracted triples, we build a reference
knowledge graph for each passage. Nodes corre-
spond to entities or concepts, and edges encode se-
mantic relations expressed in the text. The resulting
graph is intentionally lightweight and does not de-
pend on an external ontology; instead, its structure
mirrors the factual content of the passage. Equiva-
lent graphs are constructed for the gold answer and
the model generated answer, enabling systematic
comparison at the level of individual triples across
all components.

3.5 Question-Aware Filtering

Because factual correctness alone does not guaran-
tee a valid answer in reading comprehension, we
explicitly model the semantic focus of each ques-
tion. Questions are grouped into coarse answer cat-
egories (e.g., entity, reason, time, location) using
a lightweight LLLM based classifier, supplemented
with simple rules when needed.

This categorization guides which triples are
treated as relevant during evaluation. When multi-
ple entities of the same type appear in the passage,
relevance is not decided by type alone; it is assessed
through alignment with the relation implied by the

Label Interpretation (after question-aware

filtering)

Supported The triple is grounded in the passage and
is also present in the gold answer.

The triple is supported by the passage
and included in the gold answer, but is
omitted from the model generated an-
SWer.

The triple is introduced by the model
generated answer but lacks support from
the passage and is absent from the gold
answer.

The triple appears in the gold answer de-
spite not being explicitly supported by
the passage, typically reflecting annota-
tion inconsistencies.

The triple is supported by the passage but
does not align with the semantic intent
of the question.

Missing

Hallucinated

Gold-only

Off-focus

Table 3: Interpretation of automatic triple labels used in
the framework.

question, and genuinely ambiguous cases are de-
ferred to the human adjudication stage.

We note that these rules may not generalize to
less common or highly implicit formulations. To
evaluate their reliability, we manually examined a
representative subset of questions and observed an
accuracy of approximately 93% in question type
classification. Although this result is encouraging,
it also points to the need for more flexible and con-
text aware approaches to question understanding in
future work.

3.6 Comparison, Detection, and Error Typing

After question-aware filtering, we compare triples
extracted from the model generated answer with
those derived from the passage and the gold an-
swer. This comparison is performed automatically
and forms the basis for identifying different types
of model behavior. At this stage, we focus on as-
signing coarse labels that reflect factual support
and question relevance, without making any final
judgment about answer quality.

These labels distinguish unsupported content
(hallucinations), omitted information, and factually
correct but question irrelevant triples. The labeling
step is purely automatic and does not yet account for
alternative valid answers or annotation limitations.

3.7 Human Adjudication

Triples labeled as Oft-focus, supported but absent
from the gold answer, or appearing only in the gold
answer are flagged for manual review; all other
cases are handled automatically.
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Label Count Interpretation

Supported 8,628 Passage supported and
aligned with the question
focus.

Missing 5,150  Supported by the passage and
present in the gold answer, but
omitted by the model.

Hallucinated 3,377  Present only in the model an-
swer and unsupported by the
passage.

Gold-only 5,202  Present in the gold answer but
not supported by the passage.

Off-focus 565 Passage supported but not

aligned with the semantic in-
tent of the question.

Table 4: Distribution of triple-level labels assigned by
the knowledge graph based diagnostic framework.

Human annotators determine whether such cases
reflect genuine omissions, incomplete gold anno-
tations, or valid but alternative passage grounded
answers. This step ensures that evaluation remains
fair and does not penalize models for producing cor-
rect information that falls outside narrow reference
answers.

4 Results and Analysis

4.1 Knowledge Graph Triple Analysis

Applying the proposed framework to model gener-
ated answers resulted in a total of 23,388 extracted
triples from both gold standard and model outputs.
Of these, 6,233 triples were flagged for further in-
spection due to uncertainty arising from question
relevance or discrepancies between passage sup-
port and gold annotations. Table 4 summarizes the
distribution of triple-level labels assigned by the
framework, including both automatically accepted
and adjudicated cases.

Figure 3 shows a representative knowledge graph
produced by the framework, where edges are color
coded according to their assigned labels. This vi-
sualization provides an intuitive overview of how
different error types are distributed within a single
model response and supports rapid inspection by
human adjudicators.

To better understand where models struggle most,
Table 5 lists a subset of questions that triggered the
highest number of flagged triples. These examples
are shown in both Arabic and English for clarity.

A clear pattern emerges across these examples:
questions that require justification, evidence, or ab-
stract interpretation tend to generate substantially
more flagged triples than fact based questions. Such

[ Supported Missing Hallucinated
Gold-only = = — - Off-focus = — — =
Question “8# daaa L Calls e Gl A G e YAl W7

Golden answer “aSxe L Baas < 3if Loy | 5ial”

A

-
- el = Jx
e A Sl oA
\ \
\
Gl A b yaa
\ \
\
o
J) >3
o

Figure 3: Sample output from the knowledge graph
based diagnostic framework. Edge colors indicate triple
labels: supported, missing, hallucinated, gold-only, and
off-focus.

questions often cannot be answered by a single ex-
plicit fact in the passage and instead require synthe-
sis or reasoning, increasing the risk of unsupported
or off-focus content.

With respect to extraction quality, the triple ex-
traction component achieved a precision of 74.6%
and a recall of 57.7% when evaluated against pas-
sage derived reference graphs. These results sug-
gest that many relevant relations are successfully
recovered, while also revealing limitations in cov-
erage and faithfulness that influence downstream
hallucination analysis.

Closer manual inspection sheds light on recur-
ring failure modes. Hallucinated triples often took
the form of plausible yet unsupported statements,
such as generic religious assertions not explicitly
stated in the passage. Missing triples, in contrast,
frequently reflected omitted secondary entities or
relations that were expressed implicitly rather than
stated directly. We also observed a substantial num-
ber of gold-only triples, indicating that some gold
answers contain implicit or interpretive information
that is not explicitly stated in the passage, and/or
that certain relations confirmed by annotators are
difficult to recover reliably through automatic ex-
traction in Classical Qur’anic Arabic.

Taken together, these results highlight the value
of structured, question-aware evaluation in expos-
ing hallucination patterns that surface level similar-
ity metrics often fail to capture.
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Question in English Question in Arabic Flagged Triples
What evidence shows that the Qur'an is not  Uaww o oo e ohall Qi ole J3al b 1011
written by our master Muhammad (PBUH)?  S#£ s>

What are the verses that discuss the topic of  Sduogll g0 e Wi LAl WLIT Lo b 32
the will? ) :

What is the evidence that the Qur'an is valid ~ $Heg loy JSJ &l oball ol Lle Jdal L 50

for all times and places?

Table 5: Examples of questions associated with the highest number of flagged triples.

5 Conclusion

This paper introduced a knowledge graph—based
diagnostic evaluation framework for analyzing hal-
lucinations in LLM generated answers for Arabic
machine reading comprehension, with a particular
emphasis on Qur’anic passages. Through symbolic,
triple level comparison and question-aware filter-
ing, the framework supports systematic analysis
of hallucinations and semantic misalignment in a
high stakes, low resource setting. Our findings indi-
cate that questions requiring justification, evidence,
or interpretation remain especially challenging for
current models, revealing limitations that are not
readily captured by surface level similarity metrics.

The analysis also highlights both the strengths
and limitations of the framework. While it is effec-
tive at identifying unsupported, missing, and off-
focus content, it remains limited in its ability to cap-
ture deeper forms of reasoning and implicit seman-
tic relations. These challenges are especially pro-
nounced in cases where gold answers themselves
involve interpretation or external contextual knowl-
edge.

Looking ahead, an important direction for future
work is the integration of symbolic reasoning tech-
niques, such as rule based inference and multi-hop
reasoning over knowledge graphs, to better capture
complex dependencies and higher level semantic
inconsistencies. We also expect that the methodol-
ogy introduced here can be adapted to other Arabic
tasks and low resource domains where transparency,
interpretability, and factual reliability are critical.

Limitations

While the proposed framework supports structured
and interpretable analysis of hallucinations in Ara-
bic machine reading comprehension, several limi-
tations remain.

First, the framework relies on LLM based triple
extraction. Although identical prompts and settings
are used across passages, gold answers, and model

outputs, the stochastic nature of LLMs can intro-
duce minor variability that affects downstream com-
parison.

Second, the framework operates under weak su-
pervision and depends on the quality of gold an-
swers. Some gold answers include implicit or inter-
pretive information that is not explicitly stated in
the passage, resulting in gold-only triples. Targeted
human adjudication helps address such cases but
limits full automation.

Third, question-aware filtering relies on coarse
semantic categories and may fail for highly implicit
or uncommon question formulations, particularly in
Classical Qur’anic Arabic. In addition, the frame-
work focuses on explicit factual relations and does
not fully capture deeper implicit reasoning or theo-
logical interpretation.

Finally, the effectiveness of the framework de-
pends on the accuracy of upstream components
such as triple extraction and question classification.
Improving these components through more robust
semantic representations and symbolic reasoning
is left for future work.
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