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Abstract

Several Quranic morphological corpora
have been developed to support Arabic lin-
guistic analysis and NLP applications, yet
they often lack full coverage, consistency,
or manual verification. We present QA-
MAR, a morphologically oriented, multi-
task corpus derived from the Qur’an. This
comprehensive, manually verified resource
provides a detailed linguistic layer for ev-
ery Quranic word, including the Modern
Standard Arabic (MSA) equivalent, the
stem, the lemma, the root, and the part of
speech (POS). QAMAR supports multiple
NLP tasks, such as normalization, lemma-
tization, root extraction, and POS tagging,
and serves as a gold-standard reference for
Quranic and Arabic NLP research, includ-
ing corpus-to-corpus evaluation and mor-
phological analyzer benchmarking. The
paper details QAMAR’s annotation frame-
work, verification process, and resource
structure, and reports comparative anal-
yses with existing Quranic morphological
resources and outputs produced by current
large language models (LLMs).

1 Introduction
Arabic Natural Language Processing (ANLP)
is a specialized domain within computational
linguistics and artificial intelligence. It ad-
dresses challenges specific to the Arabic lan-
guage which features highly inflectional and
derivational morphology. The language also
has three main textual forms: Classical Ara-
bic (CA), Modern Standard Arabic (MSA),
and dialects. Each form presents distinct lin-
guistic features requiring specialized NLP ap-
proaches. (Shaalan et al., 2003).

We focus on NLP applications in the re-
ligious domain, specifically examining the
Quranic text (Bashir et al., 2023). The
Holy Quran, revered as the ultimate source of

guidance in Islam, is written in CA (Atwell
et al., 2010) and exhibits specific morpho-
logical characteristics (Al-Sughaiyer and Al-
Kharashi, 2004). In addition, the Quran em-
ploys the Uthmani script rather than the con-
temporary Arabic one. For example, the MSA
word ؤوُا‘ ّ֟ ଫَଊَّ’ (tabara~&uwA1 (here), ‘they have
abandoned’) is written in the Uthmani script
as ءوُا۟‘ ّ֟ ଫَଊَّ’ (tabar~a’uwA@).
Research on Quranic analysis began in the

early 2000s with the development of several
annotated resources, each employing different
approaches to produce specific annotations of
the Quran. Some studies focused on Tajwid
annotation (Brierley et al., 2019), while others
examined prosodic boundaries (Brierley et al.,
2012; Sawalha et al., 2014). This work exam-
ines Quranic morphological analysis.
Despite these early efforts, current Quranic

morphological resources still exhibit several
key limitations, as will be detailed later in
the paper. First, many words have non-
unique analyses, meaning a single word may
receive multiple conflicting annotations. Sec-
ond, some resources lack thorough manual ver-
ification, which leads to errors in tags such
as POS, lemma, or stem. Third, in several
cases the stem and lemma do not correspond
correctly, reducing the reliability of morpho-
logical information. Fourth, certain annota-
tions are specific to the Uthmani script and
do not generalize to Modern Standard Arabic
forms. Finally, many resources omit diacritic
marks, which are essential for accurate read-
ing, pronunciation, and morphological disam-
biguation. Addressing these challenges mo-
tivates the development of a fully accurate
and comprehensive Quranic morphological re-

1We use the Buckwalter transliteration system.
http://www.qamus.org/transliteration.htm

http://www.qamus.org/transliteration.htm
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source.
This paper introduces a morphological re-

source for the Quran, including the MSA, the
stem, the lemma, the root, and the POS clas-
sification. Our goal is to provide a reliable ref-
erence for researchers and broader audiences
interested in accurate Quranic analysis.

To assess the quality of QAMAR as a refer-
ence resource, we compare it with all existing
Quranic morphological resources, highlighting
both the gaps in coverage and the contribu-
tions of previous works. Additionally, given
the success of LLMs in many Arabic NLP
tasks, we also evaluate their performance on
Quranic morphological analysis by comparing
their outputs against QAMAR.

In the adopted approach, we employ the
stem–lemma–root concept, which aligns with
traditional Arabic linguistics ل۬) �ݿ྘ٴި 1898) and
differs from definitions commonly used in
other languages. The stem is identified as
the word form without proclitics and encl-
itics. The lemma, also known as the dic-
tionary entry, is defined as the word form
without suffixes and prefixes2. Finally, the
root is defined as the basic form from which
word families are derived, typically consist-
ing of three consonants. For example, for the
MSA word ’੊਼َأََܹٷْ؇۱ُܾ‘ (fajaEalonAhum, ‘So We
made them’), the stem is ’ۏَأَܹٷْ؇‘ (jaEalonA,
‘We made’), the lemma is ’ۏَأܭََ‘ (jaEala, ‘he
made’), and the root is ’ۏأܭ‘ (jEl), sometimes
also displayed as ج‘ ع .’ل
The remainder of the paper is organized as

follows. Section 2 reviews previous work on
Quranic text analysis. Section 3 outlines a sys-
tematic approach for selecting suitable LLMs
for Quranic morphological analysis. Section
4 describes the methodology and development
of the proposed resource. Section 5 compares
QAMAR with related corpora and selected
generative LLMs. Finally, Section 6 concludes
with a summary of findings and a discussion
of their implications.

2 Previous Annotations of The
Quran

This section presents the most relevant
Quranic annotation efforts, focusing on their

2The complete list of prefixes and suffixes can be
found at: https://arabic.emi.ac.ma/murabaa/

methodologies, scope, and limitations to con-
textualize the development of QAMAR.
The first study by Dror et al. (2004), titled

Morphological Analysis of the Qur’an,
employs a rule-based finite-state toolbox to
automatically generate morphological analy-
ses using a tagger with 50 noun rules and 300
verb rules. However, the results lack manual
verification, and the system produces a sin-
gle morphological interpretation for approxi-
mately 70% of Quranic words, while the re-
maining words yield multiple possible anal-
yses. Based on a random sample, the final
dataset achieves an estimated F-measure ac-
curacy of 86%.
The next work, Morphological Annota-

tion of Quranic Arabic (Dukes and Habash,
2010), introduces a morphologically annotated
Quranic resource, hereafter referred to as the
Quranic Arabic Corpus (QAC). They first em-
ployed an automatic algorithm to generate di-
acritized morphological features for each word.
In a second step, two human annotators re-
viewed the output, followed by online correc-
tions. The authors reported that approxi-
mately 75% of words were correctly analyzed
by the automatic algorithm. Nevertheless,
QAC differs from QAMAR due to variations
in linguistic layer selection and the direct anal-
ysis of the Uthmani script.
First, the authors define the stem as the

core part of an Arabic word that conveys its
fundamental meaning and serves as the base
for affix attachment. Compared to our defini-
tions, their stem corresponds to what we de-
fine as the lemma, resulting in discrepancies in
stem and lemma values in QAC. For example,
the MSA word ’੊਼َأََܹٷْ؇۱ُܾ‘ (fajaEalonAhum, ‘So
We made them’) has the stem ’ۏَأܭَ‘ (jaEal,
‘made’) with prefix ’فَ‘ (fa) and suffix ‘ُܾ۱؇َ’
(nAhum). According to our stem definition,
the stem is ’ۏَأَܹٷْ؇‘ (jaEalonA, ‘We made’), ex-
cluding the proclitic ’فَ‘ (fa) and the enclitic
‘ُܾ۱’ (hum).
Second, these differences affect lemma def-

initions as well. Words such as ‘َඔ൹ِగَఒَٰ༟’
(Ea‘lamiyna, ‘Worlds’), ’ޖగُఒُبٍَٰ‘ (Zuluma‘tK,

‘Darkness’), and ’܋َڰٰݠِوُنَ‘ (ka‘firuwna, ‘Disbe-
lievers’) are treated as lemmas, whereas ac-

https://arabic.emi.ac.ma/murabaa/
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cording to our definitions, they are stems.
Their correct lemmas are ‘ቕَረ؇َ༟’ (EaAlam,
‘World’), ‘۰َగْఒُޖ’ (Zulomap, “Dark”), and ’Ⴄَ၍ڣݠِ‘
(kaAfir, ‘Disbeliever’), respectively. More-
over, the QAC retains several Uthmani-
specific annotations. Approximately 10.97%
of stems (8588 items) and 11.28% of lem-
mas (8,829 items) contain the elongation mark
,’ـٰ‘ as in ’ڢٷَٰٺُِިنَ‘ (qānituwna, ‘obedient’) in-
stead of ਐُِިنَ‘ ಻؇َڢ’ (qānituwna, ‘obedient’), and
include forms that should be split into two
words, such as رْضُ‘ ᕚ؊ ٰٓ َ ࿌’ (yāٰʾarḍu) correspond-
ing to ‘؇َ࿌’ (yā, ‘O’) and رْضُ‘ ᕚأ’ (ʾarḍu, ‘land’).
More than 2,463 stems (3.14%) and 2,279
lemmas (2.91%) contain the mark ,’آ‘ as in
’ݿَިآَءٌ‘ (sawāʾun, ‘the same’) instead of ’ݿَިاَءٌ‘
(sawāʾun, ‘the same’). Around 510 stems in-
clude the annotation ‘ ۢ’, as in ‘ۢ ٌ ܳࡗِࡲ ᕚأ’ (alīmunۢ) in-

stead of ܳࡗِࡲٌ‘ ᕚأ’ (alīmun, ‘painful’).
Third, about 284 stems contain the annota-

tion ,’ۥ‘ as in ‘ᖙُ۬ ّ֟ ’إَ֣ (innahuۥ, ‘he’) instead of ‘ُّ۬֟ ’إَ֣
(innahu, ‘he’).
Finally, some roots are incorrectly assigned.

For instance, ‘؇ً٪ْ྘َނ’ ($y~’a, ‘a thing’) and ’ݿُިءَ‘
(suw’a, ‘wronged’) are assigned the roots ’ނ٭؇‘
($yA) and ’ݿިا‘ (swA), instead of the correct
roots ’๴ཇء‘ ($y’) and ’ءݿި‘ (sw’).
The third work, A New Quranic Cor-

pus Rich in Morphological Information
(Zeroual and Lakhouaja, 2016), introduces a
morphologically annotated Quranic resource,
hereafter referred to as NQC. The authors
adopt a semi-automatic approach: in the first
stage, the second version of AlKhalil Morpho
Sys (Boudchiche et al., 2017) is used to ex-
tract morphological features, including stem,
lemma, root, and POS; in the second stage,
these features are manually verified.
However, the resource still contains incor-

rect entries. For example, the MSA form of
‘ ِ݆ ᆇᅵْـَٰ ّ֟ ීෂا’ was recorded as ‘ ِ݆ َ ᆇᅵْ ّ֟ ීෂا’, whereas the

correct form is ᆇᅵَْ؇نِ‘ ّ֟ ීෂا’ (Alr~aHomaAni, ‘The
Most Merciful’). Another example concerns
stem and lemma annotation of the word ‘ ْܾ ِ ዛዀََْܹ༟’
(Ealayohimo, ‘those’) which are identified as
‘ঌॻ༟’ and ‘ঌَْॻَ༟’, respectively, while the correct
form for both features should be ‘আَॻَ༟’.

Furthermore, 99.95% of stem values appear
without diacritic marks. For instance, the
word ෠ݠْيِ‘ َູ ’ (tajoriy, ‘sailed’ or ‘flow’) is as-
signed the root ’෠ູݠ‘ (tjr), instead of the correct
root ’රජي‘ (jry).

Finally, ‘ ْܾ ُ ’ڣݞَاَد۱َ (fazaAdahumo, ‘adds to
their’) is annotated as a noun ‘྾ངا’, whereas
it is a verb .’ڣأܭ‘
The fourth resource, QuranMorph Mor-

phologically Annotated Quranic Corpus
(QMAC), developed by Akra et al. (2025),
uses a fully automated approach to create a
Quranic resource that assigns each Uthmani
word its MSA form, lemma, and POS, along
with a detailed classification of 39 POS tags.
In QMAC, some MSA values retain ele-

ments of the Uthmani script. For example, the
word ‘؇َዛ ֡ኗّ ᕚ؊ ٰٓ َ ࿌’ should be separated into two words,
‘؇َዛ ֡ኗّ ᕚأ ؇َ࿌’. Approximately 13.28% of Quranic
words have multiple lemma values. The word
ْ݄بَ‘ َ َأْ ᕚأ’ (>anoEamota, ‘You have blessed’) has
four different lemma forms, which are َأََْܾ‘ ᕚأ’, ‘আَॻَ༟
َأََْܾ ᕚأ’, ‘ሒِᇭ َأََْܾ ᕚأ’, and لِ‘ َأََْܾ ᕚأ’. These forms differ by
the addition of prepositions to the base word
َأََْܾ‘ ᕚأ’ (>anoEama, ‘he have blessed’).
POS values are categorized into 39 distinct

tags. Some tags include multiple values, with
up to four values per tag. For instance, the
MSA word ‘؇َ݁’ (maA, ‘do not’) has the follow-
ing POS values َࠕࠫ‘ ,’أداة اݿٺڰ۳؇م‘ ,’أداة ,’රඞف‘
݁ިݬިل‘ ྾ངا’, and .’ّأ۠ص‘
Despite advances in Quranic morphological

analysis, existing resources face notable limi-
tations. Dror et al.’s (2004) rule-based system
produces non-unique analyses for roughly 30%
of words and lacks manual verification. QAC
shows mismatches between stem and lemma
definitions, contains Uthmani-specific annota-
tions, and exhibits errors in root identification.
NQC preserves incorrect lemmas, roots, and
POS tags, and most stem values lack diacrit-
ics. QMAC retains Uthmani annotations in
MSA forms, assigns multiple lemmas to over
13% of words, and employs complex multi-
valued POS tags, while defining only the MSA
form, the lemma, and the POS classification
for each word.
Together, these limitations underscore the
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need for a precise, linguistically consistent,
and manually verified Quranic morphological
resource.

In summary, among the four presented re-
sources, only QAC and NQC are retained. The
Dror resource is excluded due to clear incon-
sistencies, while QMAC is discarded because
it does not incorporate the four target mor-
phological features required for comparison.

As previously discussed, our work must
also be compared against the best-performing
LLMs for Arabic morphology. The following
section is therefore dedicated to identifying the
most suitable model for this comparison.

3 Generative LLM Models

Our objective is to evaluate whether LLMs can
achieve performance comparable to expert-
level Quranic morphological analysis. To this
end, we applied a systematic filtering process
to select the most suitable model for generat-
ing a complete morphological corpus.

The first step selects candidate LLMs based
on several criteria, including Arabic language
support, architectural diversity, training data
sources, model size, and design strategies.
This process yields 34 candidate models.

The second step identifies which of these 34
models can perform morphological analysis us-
ing an initial benchmark of ten Quranic words.

The third step applies the selected models
to a representative Quranic sample to identify
the best-performing model.

Finally, the selected LLM is used to generate
a complete morphological corpus for the entire
Quran.

3.1 LLMs Selection
We selected 34 LLMs based on Arabic support,
architecture, and model size, as these factors
influence Arabic text processing performance.
The selection includes Arabic-specific, bilin-
gual, and multilingual models trained on di-
verse datasets and architectures. Notable ex-
amples include BLOOM (Huber and Niklaus,
2025), FANAR (Abbas et al., 2025), GPT-
4o (Hurst et al., 2024) and (Filipovska et al.,
2024), Jais (Sengupta et al., 2023), LLaMA 3
and 4 (Meta AI), Qwen2 (Team et al., 2024),
SILMA (Al-Rasheed et al., 2025), and Sta-
bleLM (Alyafeai et al., 2024). These models

range from 816M to 13B parameters, covering
diverse computational scales.

3.2 First Filtering Process
To identify LLMs capable of morphological
analysis, we followed the procedure shown in
Figure 1.

Step 1: Target Quranic Words

Step 2: Model Prompting

Step 3: Response Assessment

Uniqueness

Contextual Relevance

Step 4: Threshold Filtering

≥ 25 out of 50

Figure 1: LLM Prompting and Filtering.

In the first step, we used a set of ten tar-
get Quranic words representing three cate-
gories. The first category includes combined
words in their classical forms, such as ‘ٝԐّ ֿ ᓋဘَ࿮ֵْ ’وَ
(wayoka>an~ah, ‘Surely’), ‘ᇆ Ԑّ ᆙ Ԕշَؔ’ (fa<il~am,

‘If + Subject + do not’), Ԑّܙ‘ ڤ ᓋَوأ’ (wa>al~aw,
‘If’), and ‘ոَཇُؤոَངَوآ ᓋأ’ (>awa|baA&unaA, ‘And
our fathers’). For example, ‘ᇆ Ԑّ ᆙ Ԕշَؔ’ ap-
pears in a combined form, while its corre-
sponding MSA form is split into ن‘ Ԕշَؔ’ and
‘ᇆَᆙ’. The second category comprises the

longest Quranic words, including ۰ْؠמَרჸُჃոَْܙُهُ‘ ᓋᘍَؔ’
(fa>asoqayonaAkumuwhu, ‘which you drink’),
’ؔۻَמَڎَْءמ٤َ᝷ِگُ‘ (fasayakofiykahum, ‘he will suffice

you against them’), and ‘ոَܙ٢ُჸُႱُُِڪۏْڲ ֿ ᓋأ’ (>anuloz-
imukumuwhaA, ‘can we force it upon you’).
The third category contains words appear-
ing only once in the Quran, such as ֈْ܋َۨ‘ ᓋأ’
(>agoTa$, ‘Gave darkness’), ચੴىَ‘ ِۛ ’ (DiyzaY,
‘an unjust’), and ’زֿَ߈ِߣ‘ (zaniym, ‘mean and in-
famous’). This selection ensures balanced cov-
erage of three nouns, four verbs, and three par-
ticles.
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In step 2, candidate LLMs were prompted to
perform the morphological analysis for the se-
lected words using a fixed prompting configu-
ration obtained through a preliminary prompt
optimization phase. Each prompt was pa-
rameterized by four components: a task con-
text, explicit definitions of the targeted mor-
phological features, an optional example, and
a constrained task instruction, together with
a language parameter. In a first test, we
evaluated eight prompt configurations corre-
sponding to different combinations of these
components, ranging from zero-shot prompt-
ing (Kong et al., 2024) to one-shot prompting
(Yoon, 2023). In a second test, we examined
the impact of the prompt language by com-
paring English-only, Arabic-only, and mixed
Arabic–English prompts. Based on a binary
comparison of the generated outputs against
QAMAR values, the final prompt was selected
as a one-shot configuration including context,
a single example, and explicit task instruc-
tions, formulated in English while preserving
Arabic for Quranic words.
Step 3 filters LLM responses using two qual-

itative criteria: uniqueness and contextual rel-
evance. We define an output as non-unique
if it fails to commit to a single value per
morphological feature. For example, a non-
unique output may analyze the word ’لޝُْ݁ٷُِިنَ‘
(yuʾminūna, “they believe”) by proposing two
competing root values, such as ’أ݆݁‘ (ʾ-m-n)
and ’ؤ݆݁‘ (ʾ-m-n), instead of normalizing and
selecting a single canonical root representa-
tion. We define an output as context-irrelevant
if the proposed analysis is inconsistent with
the lexical or morphological context in which
the word appears within the processed batch.
For instance, a context-irrelevant output may
assign an incorrect POS, such as analyzing ’َُިر‘
(nūr, “light”) as a verb where it is consistently
treated as a noun. Models failing either crite-
rion are excluded.
For example, when analyzing ۰ْؠמَרჸُჃոَْܙُهُ‘ ᓋᘍَؔ’

(fa>asoqayonaAkumuwhu, ‘which you drink’),
the SILMA3 model produced an incorrect,
non-diacritized stem ’ف-ݿݑ-ي‘ (f-sq-y) and
omitted the lemma, root, and POS values
(Figure 2). The correct analysis should include

3https://huggingface.co/silma-ai/
SILMA-9B-Instruct-v1.0

the MSA form ݿْگ٭َٷَْ؇ᆇُᅒُިهُ‘ ᕚ᚜َڣ’, the stem ݿْگ٭َٷَْ؇‘ ᕚأ’ (‘we
gave water to drink’), the lemma ݿْࠔَࠥ‘ ᕚأ’ (>aso-
qaY, ‘he gave water to drink’), the root ’ݿࠔࠫ‘
(sqy), and POS ’ڣأܭ‘ (verb).

Figure 2: SILMA model response.

The pre-selected LLMs are ChatGPT
(GPT-4o), MetaAI (LLaMA-4), FANAR, and
BardAI (Gemini).
In step 4, a quantitative evaluation applies

a binary scoring system, assigning 1 point for
correct and 0 for incorrect responses. The ac-
ceptance threshold was 25 out of 50, based on
10 words annotated with five morphological
features: MSA form, stem, lemma, root, and
POS, yielding a maximum score of 50 points.
Results indicate that current LLMs show

limited reliability in converting Classical Ara-
bic into corresponding MSA forms. Only
ChatGPT (GPT-4o) and MetaAI (LLaMA-4)
met the selection criteria, as summarized in
Table 1.

Table 1: Platforms Final Score.

Platform Score (/50)
ChatGPT 37
MetaAI 26
BardAI 22
FANAR 12

3.3 Second Filtering Process
Next, we perform a second evaluation using
the two selected LLMs on the first 10,000
words of the Quran, representing ~13% of the
text. Each word’s MSA form was used as in-
put.
Table 2 shows the accuracy of each model

for four morphological features: stem, lemma,
root, and POS tagging.

https://huggingface.co/silma-ai/SILMA-9B-Instruct-v1.0
https://huggingface.co/silma-ai/SILMA-9B-Instruct-v1.0
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Table 2: LLM accuracy on Quranic morphology
using QAMAR resource (percentage).

Corpora Stem Lemma Root POS Mean
MetaAI (LLaMA-4) 12.01 25.22 44.09 94.42 43.93
ChatGPT (GPT-4o) 25.01 20.65 21.58 90.65 39.47

Table 2 reports the morphological tagging
performance of two LLMs. Rows correspond
to models, while columns present accuracy for
each morphological feature. MetaAI (LLaMA-
4) achieves the highest mean accuracy and is
therefore selected to generate the LLM-based
corpus (LGC) applied to the entire Quran.

4 Quranic Arabic Morphological
Analysis Resource Building

QAMAR (Quranic Arabic Morphological
Analysis Resource) is developed as a compre-
hensive, fully verified resource for the Quran.
The construction process involves three main
steps. First, we focus on gathering all
Quranic words from reliable electronic sources.
Next, we perform an annotation by systemat-
ically assigning morphological features, ensur-
ing consistency and linguistic accuracy. Fi-
nally, we define a representation scheme to
structure these annotations, enabling easy ac-
cess, querying, and computational use.

4.1 Source
We downloaded both the Uthmani and the
MSA versions of the Quran from the Tanzil
website4. The primary text used is the Uth-
mani script in the Hafs recitation, as it is
the most widely adopted version in the Is-
lamic world. The Uthmani script preserves
orthographic features such as tatweel (elon-
gation marks) beneath superscript alefs (e.g.,
ᆇᅵْـَٰ݆ ّ֟ ීෂا) and merged forms of words, such as
‘؇َዛ ֡ኗّ ᕚ؊َٰٓلـ’, which correspond to two separate MSA
words: ‘؇َ࿌’ (yaA, ‘O’) and ‘؇َዛ ֡ኗّ ᕚأ’ (>ay~uhaA,
‘you’). After conversion, the corpus consists
of 78,252 MSA words compared to 77,881 Uth-
mani words, including the Basmalah (ᄭᄥ݄اܳྟފ),
referring to the Quranic expression ‘ِՄ ّ֟ ՃՂا ྾ِْ๎ِื
ۋِࡗࡲِ ّ֟ ීෂا ِ݆ ٰ َ ᆇᅵْ ّ֟ ීෂا’ (bisomi All~ahi Alr~aHoma~ni
Alr~aHiymi, ‘In the name of Allah, most

4https://tanzil.net/

benevolent, ever merciful’) that opens most
chapters.
Table 3 summarizes the transformations ap-

plied to derive the MSA morphological feature
values from Uthmani script words, along with
their corresponding statistics and examples.
A total of 23,211 transformations were ap-

plied to derive the MSA feature values from
the Quranic text in the Uthmani script.

4.2 QAMAR Annotation: Process and
Feature Definitions

The QAMAR corpus is developed using a
semi-automatic approach. The SAFAR plat-
form (Software Architecture For ARabic; Jaa-
far and Bouzoubaa, 2015; Bouzoubaa et al.,
2021) provides the core tools for generating the
initial version of the corpus, including a stem-
mer (Namly and Bouzoubaa, 2025), a lemma-
tizer (Namly et al., 2019), a root tagger, and a
light POS classifier (Tnaji et al., 2021) based
on a tripartite classification into Noun, Verb,
and Particle. This automatically generated re-
source is explicitly referred to as the SAFAR-
generated corpus (SGC) and is later used for
comparison with existing resources as well as
with the reference QAMAR corpus.
The second phase of the methodology en-

tails manual validation performed by human
linguistic experts. The first and second valida-
tion iterations are conducted in chunks, each
comprising 1,000 Quranic words annotated
with their corresponding morphological fea-
tures, while the third iteration is dedicated to
in-context verification. The entire verification
process spans three iterations over a period ex-
ceeding 1 year and 10 months. Throughout
this process, disagreements regarding specific
annotation values were resolved through ex-
pert discussions during dedicated meetings, in
which annotators exchanged analyses and jus-
tifications before reaching consensus on a final
selected value. The features we consider in our
resource are defined as follows:

• Uthmani: The Uthmani script is the
writing style chosen during the early days
of Islam by the third Khalifa (compan-
ion of the Prophet PBUH), Uthman Ibn
Affan, for writing the words of the Holy
Quran and depicting its letters.

https://tanzil.net/
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Table 3: Transformations applied to obtain MSA values and their statistics.

Transformation Count Example (Uthmani → MSA)

وٰ → ا 183 َ ߺࠊَٰة ٱܳݱّ֟ → َ ఈَఃة اܳݱّ֟
Deletion of ـٰ 553 وَܳـَٰܝِ݆ → ْ݆ وَܳـܝَِ
ـٰ → ا 5636 ِ݆ ᆇᅵْـَٰ ّ֟ ීෂٱ → ᆇᅵَْ؇نِ ّ֟ ීෂا
ٱ → ا 4751 ِ Մ ّ֟ ՃՂٱ → ِ Մ ّ֟ ՃՂا
Deletion of يْ 2 દْઊ ڣَ֣؆ ᕚأ → ڣَ֣؆ن ᕚأ
Splitting (+؇َ࿌) 360 ُ لـَٰٓـَٔ؇دمَ → ُ آدمَ + ؇َ࿌
Splitting (+؇َ۱) 4 ْ َࡤࡲُ ᕚ؊َٰٓ۱ـ → ْ َࡤْࡲُ ᕚأ + ؇َ۱
Complex split (example 1) 2 દَઊِᄳّ֟ᄟا ᕠَᅫَ؇لِ → દَઊِᄳ ّ֟ ፁِዧ + ؇َᕠَᅫ
Complex split (example 2) 2 ؇َ࿖ُ؋َؤ࿓َوءَا ᕚأ → ؇َ࿖ُؤ؇َ࿓آ + و ᕚأ
Splitting into 3 parts 1 ཯َྟٷْޝَمُّ֟ → أ֡مّ֟ + દَْઑا + ؇َ࿌
Compound splitting 1 ِި ّ֟ ܳ ᕚَوأ → ިَܳ + نْ ᕚَوأ
Other splits 2 نّ֟ ᕚႧَၽْل وَ → نّ֟ ᕚႧَ၍ + ويَْ
Add sukun ( ْ) 6803 ਍ُಱڰگُِިنَ → ਍ُಱڰْگُِިنَ
Delete shaddah ( ّ) 3727 َඔ൹ِگ ّ֟ గْጻِّዧٺُ → َඔ൹ِگ ّ֟ గْጻِዧٺُ
ت → ة 44 رᆇᅵَْبََ → َ ۰َᆇᅵَْر
وًۭ → ؤاً 10 ۱ݞُوُاًۭ → ۱ݞُؤُاً
Short forms expansion 17 ۹َُّ → ْ݆ ّܝَُ
Kasrah ( ِ) → sukun ( ْ) 281 ِ݆ َ ညَ৊ → ْ݆ َ ညَ৊
Add ى 42 َ ߙߵَ → ߙߵَىَ
Dammah ( ُ) → sukun ( ْ) 669 ُ ᕢُળًِ → ᕢُْળًِ
Add ي 48 د༟ََ؇نِ → ሒِᇃ؇َ༟َد
Add ل 73 ّ֟٭ܭِْ ٱܳ → ٭ܭِْ ّ֟ ይዧا

• MSA: The Arabic words used by contem-
porary Arabic readers.

• Stem: The stem is defined as the main
part of an Arabic word after removing any
syntactic proclitics or enclitics.

• Lemma: Lemmatization involves reduc-
ing inflected words to their basic form.
For nouns, the lemma corresponds to
their masculine singular form (when it ex-
ists) without clitics. For instance, the
respective lemmas of the words ’ا༥ِّීෂَ؇ل‘
(Alr~ijaAl, ‘men’) is ’ر༥َܭُ‘ (rajul, ‘a
man’). For verbs, the lemma refers to
the form of the verb conjugated in the
past tense in the third person singular
masculine, without clitics. For example,
the lemma of ’੊਼َأََܹٷْ؇۱ُܾ‘ (fajaEalonAhum,
‘So We made them’) is ’ۏَأܭََ‘ (jaEala, ‘he
made’). For particles, the lemma is sim-
ply the particle itself devoid of clitics, so
the lemma of ‘ِ݆ዛዀََْܹ༟’ (Ealayohin, ‘on them’

or ‘upon them’) is ‘আَॻَ༟’ (EalaY, ‘on’ or
‘upon’). Moreover, since a lemma has
complete meaning only when all diacritics
are specified, we have decided to retain all
these markings in the lemma, except for
the final letter, which is determined by the
word’s context or its placement within the
sentence.

• Root: The root consists of the core let-
ters of a trilateral or quadrilateral verb
from which the word is derived. For the
same examples, the roots are respectively
’ر༥ܭ‘ and .’ۏأܭ‘ Since particles in Arabic
lack roots, we represent their root with
the ‘#’ symbol.

• Part of Speech (POS): In general, a
POS tag defines the grammatical cate-
gory of a specific word. It is well known
that tag sets for the Arabic language vary
significantly from one project to another.
Therefore, to facilitate the comparison of
our resource with other existing ones, we
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decided to simplify the tag set by dividing
it into two levels.

The first level named POS1 tag is se-
lected as the foundation because it rep-
resents the basic classification of Ara-
bic words and simplifies comparisons with
other teams’ resources. The first POS1
level classifies words into Noun (྾ངا), Verb
,(ڣأܭ) and Particle .(රඞف)
The second level named as POS2 tag is
chosen to address the specificities of the
Quran by further categorizing Quranic
words according to specific cases within
each of the three main categories. For
particles, the following tag specifications
are used: ‘۰ਃ಻ڢݠآ ’රඞوف (Quranic particles),
which refer to unique particles such as the
word ‘ቕٓረٓا’ in Surah Al-Baqarah, verse 1.
All other particles are tagged as .’රඞف‘
For nouns, additional tag values include:
‘ᄭᄟఈః༥ ྾ངا’ for the specific noun ‘Մ ّ֟ ՃՂا’, ‘྾ངا
’ۋފ݆ for names and attributes of Al-
lah such as ’اܳگَْ؇درُِ‘ (AloqaAdiru, ‘He has
power’); إނ؇رة‘ ྾ངا’ (demonstrative noun)
such as the word ‘ዻَِዧَذ’ (*alika, ‘This is’),
and ݁ިݬިل‘ ྾ངا’ (relative noun) such as

the word ’اᄳّ֟ᄟيِ‘ (Al~a*iy, ‘who’), since
such words can be listed in an infor-
mation retrieval task as stop words but
are not categorized in Arabic morphol-
ogy as particles. The tag ༟޺޾‘ ྾ངا’ (proper
noun) is used to identify names of peo-
ple such as ‘๮َངިُ݁’ (muwsaY, ‘Moses’) and
places such as ‘َᄎ ّ֟ჼًَ’ (bak~apa, ‘Bakkah’),
while ‘྾ངا’ (noun) is used for all other
types of nouns. For verbs, the sec-
ond layer of classification includes the
tags ’ڣأܭ‘ (verb) and ڣأܭ‘ ྾ངا’ (nomi-
nal verb). For example, in Surah Al-
Mu’minun ’اညْ৊ޝُْ݁ٷُِިنَ‘ (Alomu&ominuwna,
‘The Believers’), verse 36, the word ’ዛዀَْ۱َ؇تَ‘
is classified as ڣأܭ‘ ྾ངا’ and not ’ڣأܭ‘ (verb)
in Arabic linguistics.

The QAMAR resource provides fully dia-
critized MSA forms, while the stem and lemma
forms are diacritized except for the final char-
acter, since the diacritic on the last letter

depends on the syntactic context, whereas
stems and lemmas are intended to be context-
independent. For example, َ؇بٌ‘ ঺ِ঒’ (kitābun)
and َ؇بٍ‘ ঺ِ঒’ (kitābin) differ only in their case
endings but correspond to the same lexical
item; therefore, the final letter of stem and
lemma forms is intentionally left unvowelized.

4.3 TEI Encoding for the QAMAR
Corpus

We offer the QAMAR resource in TEI5 (Text
Encoding Initiative) format. As an XML-
based standard, TEI effectively organizes lin-
guistic corpora, making it well-suited for com-
putational applications. The corpus is orga-
nized to capture the morphological features
of Quranic words. Figure 3 shows the TEI
file structure used in the QAMAR corpus for
defining word-level morphological features.

Figure 3: QAMAR corpus XML tree structure il-
lustrating the TEI-based representation of Quranic
morphological features.

The provided TEI file structure captures the
transformation of Quranic words from Uth-
mani script to MSA while preserving detailed
morphological information. It begins with a
metadata section (teiHeader) containing es-
sential bibliographic details, including the title
”QAMAR Corpus”, publication information,
and a source description referencing the orig-
inal Quranic text in both Uthmani and MSA
forms.

5https://tei-c.org/

https://tei-c.org/
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The main content is structured within the
<text> and <body> tags, where <div> ele-
ments represent Surahs. Each Surah is identi-
fied by its name (<head> element) and num-
ber (n attribute). Within each Surah, <div>
elements further divide the text into Ayas,
each marked with an Aya number (n attribute)
and containing the full Aya text (<phr> ele-
ment).

In each Aya, words are encapsulated within
<w> elements. The Uthmani form appears
as the content of the <w> element, marked
with type=”Uthmani”, while its correspond-
ing MSA version is nested inside a <seg> ele-
ment labeled with type=”msa”. The <seg>
element contains detailed linguistic features
within an <fs> (Feature Structure) element,
which organizes morphological attributes in a
structured way. The <fs> element includes
the stem, lemma, root, and part of speech.
The altPos attribute provides an alternative
POS for POS2.

This structure provides a comprehensive
morphological analysis of every word in the
Quranic text, offering insights into both the
Uthmani and MSA forms. The structure ef-
fectively captures all possible transformation
scenarios, including:

Words that remain unchanged between the
Uthmani and MSA versions, such as the word
‘ِՄ ّ֟ ՃՂٱ’ in Uthmani, which remains ‘ِՄ ّ֟ ՃՂا’ in MSA.
Words that undergo morphological transfor-

mations, such as the replacement of the elon-
gation mark (ـٰ) with Alef ,(ا) for example,
‘َඔ൹ِగَఒَٰٱܳأْـ’ in Uthmani script becomes ‘َඔ൹ِ ৎَ ৊؇َْاܳأ’ in
MSA.
Cases where a word is split into multiple seg-

ments during the conversion process, such as
the word ‘ปِฃَྥَْلـَٰܹ٭’ in Uthmani, which is split into

‘؇َ࿌’ and ‘มِฃَྥَْܳ٭’ in MSA.

5 Comparison Process & Results
Discussion

This section presents a comparative evaluation
of existing Quranic morphological resources
with respect to the QAMAR reference corpus.
We compare QAMAR with four resources:
QAC, NQC, SGC, and LGC. Two evaluation
strategies are applied: a strict comparison (S)
and a broad comparison (B). Results are re-
ported for both the full corpus (Table 4) and a

restricted sample (Table 5) to support evalua-
tion at different granularities. Table 4 reports
the accuracy of the evaluated corpora over all
Quranic words, while Table 5 focuses on a sub-
set of 24,202 words (~30% of the Quran) whose
MSA and Uthmani forms match exactly. This
restriction is necessary because QAC uses Uth-
mani orthography as input.
In the strict comparison, a value is con-

sidered correct only if it exactly matches the
corresponding QAMAR value, after normal-
ization of combined diacritics (e.g., shadda ‘ ّ’
and fatḥa ‘ َ’ order). Any other discrepancy
is counted as incorrect. The broad compari-
son relaxes this condition in specific cases, in-
cluding differences in final diacritics or undia-
critized forms, to account for systematic varia-
tions between QAMAR and the other corpora.

Table 4: Full-corpus accuracy of Quranic morpho-
logical corpora under strict (S) and broad (B) com-
parison with QAMAR.

Corpora MSA Stem Lemma Root POS Mean

SGC S 100 77.44 68.70 57.17 85.75 77.81
B 100 85.88 75.15 57.17 85.75 80.79

NQC S 98.07 0.05 49.57 93.81 87.38 65.78
B 98.07 87.79 85.94 93.81 87.38 90.60

QAC S 45.75 9.99 45.81 84.57 94.64 56.15
B 55.17 41.27 60.38 84.57 94.64 67.20

LGC S 100 19.30 31.20 40.84 85.85 55.44
B 100 44.20 59.90 40.85 85.85 66.16

Table 4 summarizes full-corpus accuracy
across the 4 evaluated resources. Under strict
comparison, the SGC achieves the most accu-
rate stem and lemma annotations, with scores
of 77.44% and 68.70%, respectively. NQC
achieves the highest root extraction perfor-
mance at 93.81%, while QAC excels in POS
tagging, reaching 94.64%. Overall, SGC re-
mains the closest to QAMAR, with a mean ac-
curacy of 77.81%, followed by NQC (65.78%),
QAC (56.15%), and LGC (55.44%).
Under broad comparison, NQC shows

strong base-letter consistency, with stem and
lemma accuracies of 87.79% and 85.94%, re-
spectively. For example, the form ’لިم‘ (yawm,
‘day’) is considered a correct match for the
QAMAR stem ’لَިمْ‘ (yawm, ‘day’). It also
maintains high performance in root extraction
(93.81%), while QAC retains the top score for
POS tagging (94.6%). Root and POS accura-
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cies remain unchanged, as these features are
independent of diacritic marks. Both SAFAR
and LLaMA-4 achieve 100% in the MSA col-
umn, as they were given QAMAR MSA forms
as input. The NQC ranks second in MSA ac-
curacy (98.07%). In summary, under broad
comparison, NQC is the resource closest to
QAMAR across the entire Quran.

Table 5: Accuracy of evaluated corpora on the
restricted sample (identical MSA and Uthmani
forms) under strict (S) and broad (B) comparison.

Corpora MSA Stem Lemma Root POS Mean

SGC S 100 86.52 77.99 56.84 85.03 81.28
B 100 91.24 81.41 56.84 85.03 82.91

NQC S 99.91 0.00 44.86 97.61 76.25 63.73
B 99.91 89.48 89.21 97.61 76.25 90.49

QAC S 99.84 19.41 54.30 91.93 92.11 71.52
B 99.84 76.68 78.53 91.93 92.11 87.82

LGC S 100 80.87 28.87 41.27 87.77 67.76
B 100 52.25 65.09 41.28 87.77 69.28

Table 5 illustrates the results of the re-
stricted sample. Under strict comparison,
the SGC aligns most closely with QAMAR,
achieving 81.28% mean accuracy. In the broad
comparison, the NQC performs best, reach-
ing 90.49%, reflecting strong base-letter con-
sistency but incomplete diacritization. QAC
attains 71.52% under strict comparison and
improves by 16.30% under broad comparison,
indicating correct base letters but unstable di-
acritic assignment. For instance, ’ڢٴَܭَْ‘ (qabola,
‘before’) and ’ڢٴَܭُْ‘ (qabolu) are different stem
values that differ in their case endings, al-
though both refer to the same lexical item.
The LGC shows the lowest performance, con-
firming earlier observations that current LLMs
still misanalyse nearly half of the Quranic text.
In summary, SGC provides the most accu-

rate fully diacritized outputs; NQC preserves
base letters most reliably; QAC shows moder-
ate performance; and LGC remains the least
dependable.

6 Conclusion
We introduced QAMAR, a new resource
grounded in traditional Arabic linguistic prin-
ciples, designed to support precise morpholog-
ical annotation. Our findings underscore the
importance of combining automated methods
with linguistic validation. QAMAR provides

a fully annotated Quranic text with detailed
morphological features.
This work also evaluated existing Quranic

corpora and LLM-generated outputs, identi-
fying inconsistencies and varying levels of cov-
erage across core morphological features, in-
cluding the stem, the lemma, the root, and
the POS classification.
By offering a linguistically informed and

manually validated corpus, QAMAR serves as
a reference for the development and evaluation
of Arabic NLP tools and supports the training
and optimization of current and future LLMs.

7 Limitations

Despite the contributions of this work, sev-
eral methodological challenges and limitations
should be acknowledged.
First, defining a consistent and sufficiently

expressive POS label set, particularly at finer
levels of granularity, posed a non-trivial chal-
lenge and required multiple iterations before
convergence.
Second, when LLMs were employed to as-

sist morphological annotation, some outputs
were not fully aligned with the target linguistic
framework, necessitating prompt refinement
and systematic output filtering.
Third, Quranic Arabic morphological anal-

ysis is inherently context-dependent. Identi-
cal surface forms sharing the same letter se-
quences and diacritic patterns may receive dif-
ferent morphological analyses depending on
verse context. For example, the form ጥََ጑ْ۱ ᕚأ
(ʾahlaka) may function as a noun meaning
“your family” or as a verb meaning “he de-
stroyed” when derived from the root ጥ጑۱ (hlk).
Such cases require contextual disambiguation
and affect multiple morphological feature val-
ues.
Finally, as a current limitation rather than

a methodological shortcoming, the present re-
lease of the corpus focuses on morphological
annotation and does not yet incorporate ex-
plicit semantic information, such as word-level
semantic fields or structured synonym sets. In
addition, the translation layer remains limited
and does not provide systematic English trans-
lations for each Quranic word.
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8 Ethics Statement
The authors confirm that this research was
conducted in accordance with established eth-
ical standards. No conflicts of interest are de-
clared. All data used in this study were ob-
tained from publicly available sources or gen-
erated during the research process.

The QAMAR corpus will be released as an
open-source resource for the academic com-
munity following the completion of the peer-
review process. It will be made publicly avail-
able for research and educational purposes.
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