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Abstract
Similes (tashbı̄h) serve as a cornerstone of Qur’anic eloquence, functioning as a vital cognitive tool for conveying
complex theological concepts through accessible imagery. Despite the sophisticated taxonomies established by
classical Arabic rhetoricians, contemporary computational approaches often rely on single-label classification
paradigms. This methodological reductionism fails to capture the inherent “rhetorical overlap” where a single
verse embodies multiple, non-mutually exclusive categories, such as being simultaneously explicit (mursal) and
representational (tamthı̄l̄ı). This study addresses this gap by formalizing Qur’anic simile classification as a multi-
label learning task, bridging the divide between classical linguistic theory and modern Natural Language Pro-
cessing. Utilizing an expert-annotated dataset of 364 verses grounded in authoritative classical exegeses, we
evaluated the performance of several Arabic-specific Transformer models, including AraBERT, CamelBERT, and
MARBERT. Quantitative results demonstrate that MARBERT achieved superior performance, reaching a Micro
F1-score of 0.7685 and a Macro F1-score of 0.6003, significantly outperforming traditional statistical baselines.
The findings revealed a high label density across the corpus, providing empirical validation for the synergistic and
multidimensional nature of Qur’anic rhetorical figures. Beyond technical metrics, this study contributes to “com-
putational hermeneutics” by demonstrating that classical rhetorical categories function as structured, learnable
knowledge. By successfully modeling overlapping categories, this study offers a novel methodology for Digi-
tal Humanities and provides a scalable framework for the automated analysis of highly sophisticated Classical
Arabic texts.
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1. INTRODUCTION

In the landscape of Islamic civilization, the Qur’an stands
as the foundational miracle of linguistic eloquence, where
rhetorical devices (balāghah) serve as the primary ve-
hicle for conveying complex theological truths. Among
these devices, the simile (tashbı̄h) occupies a position
of paramount importance, functioning not merely as an
ornamental literary figure but as a vital cognitive tool for
bridging the gap between abstract divine concepts and
human perception [1, 2]. Classical scholars, most notably

cAbd al-Qāhir al-Jurjānı̄ in his seminal work Asrār al-
Balāghah, conceptualized tashbı̄h as a dynamic process
of semantic transfer that facilitates the comprehension
of divine attributes and eschatological realities through
systematic likenesses [3]. Al-Zamakhshar = ifurther
elaborated on this device, arguing that mastering Arabic
rhetoric is indispensable for uncovering divine intention
(murād Allāh), thereby positioning rhetorical analysis as
a cornerstone of Qur’anic hermeneutics [4].

The classical theoretical framework produced a
meticulous taxonomy of similes based on the struc-
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tural presence of comparison markers (adāt) and
the degree of elaboration in terms of resemblance
(wajh al-shabah). This classification includes cate-
gories such as Mursal (explicit), Mu’akkad (implicit),
Balı̄gh (heightened/condensed), and Tamthı̄lı̄ (repre-
sentational/narrative). However, the sophistication of
Qur’anic eloquence lies in the fact that these categories
are rarely static; they represent a system where mean-
ings interact synergistically to create what scholars term
“semantic expansiveness.” Despite this theoretical rich-
ness, contemporary computational approaches in Arabic
Natural Language Processing (NLP) have largely treated
simile detection and classification through the lens of
methodological reductionism. Most existing studies rely
on binary classification or single-label paradigms, which
assume that a textual unit can belong to only one rhetori-
cal category [5, 6]. This “categorical mutual exclusivity”
assumption fundamentally misrepresents the multidimen-
sional nature of Qur’anic discourse and leads to a signifi-
cant loss of rhetorical depth in computational modeling
[7].

The insufficiency of single-label classification is most
evident when examining verses that exhibit systematic
“rhetorical overlap.” For instance, in Surat al-Kahf (Q
18:45), the life of this world is likened to water sent from
the sky that causes vegetation to grow, withers, and scat-
ters. This verse constitutes a tashbı̄h mursal due to the
explicit comparison marker (ka-mā’), yet it simultane-
ously functions as a tashbı̄h tamthı̄lı̄ by constructing a
complex, multi-stage narrative scenario [8]. Forcing a
model to choose a single label for such a verse ignores
the structural co-occurrence documented by classical
rhetoricians and diminishes the ecological validity of the
resulting NLP models. Consequently, there is a critical
need to shift the computational paradigm toward Multi-
Label Learning (MLL) architectures that can model the
label correlations and interpretive polyvalence inherent
in Qur’anic text.

In response to these challenges, the primary goal
of this research is to bridge the gap between classi-
cal Arabic rhetoric and modern computational linguis-
tics by formalizing Qur’anic simile classification as a
multi-label learning task. The objectives of this study
are fourfold: first, to formalize the task of simile classi-
fication within a multi-label framework; second, to con-
struct a high-quality supervised dataset grounded in the
classical taxonomies of Al-Jurjānı̄ and Al-Zamakhsharı̄;
third, to evaluate the performance of state-of-the-art Ara-
bic Transformer models—such as AraBERT, MARBERT,
and CamelBERT—in capturing the nuanced features
of rhetorical text; and finally, to analyze whether these
modern NLP architectures can capture the systematic
rhetorical overlaps theorized by classical scholars.

This research represents a methodologically novel
synthesis that contributes to Arabic NLP and Digital Hu-
manities through several key interventions. We introduce

the first multi-label simile classification task for Qur’anic
text, moving beyond the limitations of traditional single-
label models. Furthermore, we provide a rhetorically
grounded annotation schema that ensures that the com-
putational labels maintain scholarly depth and authentic-
ity. By conducting an empirical evaluation using Arabic
transformers, we offer new insights into how these mod-
els handle the morphological and semantic complexities
of Classical Arabic. Ultimately, this approach exemplifies
a form of “computational hermeneutics,” where neural
network architectures are used to formalize and test inter-
pretive frameworks derived from centuries of humanistic
scholarship [9].

The remainder of this paper is organized as fol-
lows: Section 2 reviews related work on computational
metaphor detection and the current state of Arabic rhetor-
ical analysis. Section 3 establishes the theoretical rhetor-
ical framework, detailing the classical typology of similes
and justifying the overlapping categories. Section 4 de-
scribes the construction of the expert-annotated dataset,
and Section 5 delineates the methodology, including task
formalization and model architecture. Section 6 presents
the experimental results and the error analysis. Section 7
provides a multidimensional discussion of the findings
from both linguistic and technical perspectives. Finally,
Section 8 concludes the paper and suggests potential
avenues for future research.

2. RELATED WORK

The computational study of figurative language has
evolved significantly over the past decade, shifting from
rule-based approaches to sophisticated deep learning
architectures. Foundational work in metaphor process-
ing, pioneered by Shutova [10, 11], established that
metaphorical expressions can be detected through dis-
tributional anomalies and violations of the selectional
preferences. This evolution was institutionalized through
the Workshop on Metaphor in NLP series, which estab-
lished benchmark datasets such as the VU Amsterdam
Metaphor Corpus (VUA) [12]. However, a critical exami-
nation of these foundational efforts reveals a persistent
methodological bottleneck: the overwhelming majority
of studies conceptualize figurative language identifica-
tion as a binary classification task—metaphor versus
non-metaphor or simile versus non-simile. Recent cri-
tiques suggest that this homogenization obscures the
rich typological diversity of literary texts. For instance,
Li et al. [13] demonstrated that binary paradigms fail
to challenge modern language models, while Kuo and
Carpuat showed that improvements on binary bench-
marks, such as VUA, do not effectively transfer to more
complex, domain-specific corpora.

Recent research specifically targeting simile detection
has begun to move beyond simple identification toward
more nuanced typological frameworks. Mpouli [14] pio-
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neered the automatic annotation of similes by distinguish-
ing structural features, while Chen et al. [15] revealed
that although language models capture relational seman-
tics, they struggle with the triadic structure of tenors,
vehicles, and grounds. Further advancements by Wang
[16] in creating datasets for novel metaphors and similes
demonstrate that typological classification is computa-
tionally feasible. Despite these strides, existing research
remains constrained by single-label frameworks. This
gap is particularly acute in the context of Arabic rhetoric
(balāghah), where classical traditions articulate sophisti-
cated taxonomies that resist such binary reduction. No
existing work has yet addressed a multi-dimensional typo-
logical classification where a single rhetorical expression
may simultaneously belong to multiple categories—a
phenomenon central to the Qur’anic discourse.

The application of Natural Language Processing
(NLP) to Arabic introduces distinct challenges rooted in
morphological complexity, diacritical ambiguity, and the
significant linguistic distance between Modern Standard
Arabic (MSA) and Classical Arabic [17, 18]. While the
introduction of AraBERT [19] and its successors marked
a watershed for Arabic NLP, these models are primarily
trained on contemporary MSA sources, leaving the stylis-
tic subtleties of classical balāghah largely underexplored.
Within the subfield of Qur’anic computation, research
has predominantly focused on morphological analysis
and syntactic parsing [20]. This has culminated in the
development of the Extended Quranic Treebank (EQTB)
and the ‘Noor’ framework, which introduced automated
ellipsis resolution to achieve 100% syntactic and mor-
phological coverage of the Quran in a machine-readable
format [21, 22]. However, as Atwell [23] observed, rhetor-
ical analysis still remains a nascent frontier compared to
these foundational structural layers. Furthermore, while
large-scale resources like the ‘Diwan’ corpus have re-
cently emerged to provide multi-dimensional annotations
for Arabic poetry [24], pioneering studies by Abouhagar
[5] and Zahrawi et al. [8] on Qur’anic figurative language
continue to employ binary or independent classification
approaches that do not account for the co-occurrence of
multiple rhetorical devices within a single textual unit.

The limitations of these single-label approaches can
be addressed by adopting the Multi-Label Text Classifi-
cation (MLTC) paradigm, which is designed for domains
characterized by overlapping, non-mutually-exclusive cat-
egories [25]. In the context of Arabic literary analysis,
recent frameworks like ‘Maqasid’ [26] have demonstrated
the necessity of MLTC for capturing thematic interdepen-
dence in poetry through hybrid CNN-BiLSTM architec-
tures. Such theoretical advances emphasize the impor-
tance of label correlation modeling, where dependencies
between categories are explicitly captured using graph
neural networks or attention mechanisms [27, 28]. The
integration of transformer architectures with multi-label
learning has yielded substantial gains in other complex

semantic domains, such as emotion detection and tox-
icity classification. In emotion detection, studies have
shown that texts frequently express simultaneous, over-
lapping emotions that single-label models fail to capture
[29, 30]. Similarly, toxicity classification benefits from
multi-label formulations as a single comment may simul-
taneously exhibit various types of hate speech [31].

By bridging the success of multi-label classification in
these domains with the study of Arabic rhetoric, a sig-
nificant research gap can be closed. Just as a text can
express multiple simultaneous emotions, a Qur’anic sim-
ile often embodies multiple rhetorical categories, such
as being simultaneously mufas. s. al (detailed) and tamthı̄lı̄
(representational). The current study addresses the con-
verging gaps in figurative language research, Arabic NLP,
and multi-label applications. By moving beyond binary
detection to capture the typological complexity of classi-
cal balāghah, this research provides the first systematic
application of multi-label learning to Qur’anic rhetorical
analysis, recognizing that the text’s sophistication de-
mands computational methods commensurate with its
literary complexity.

3. RHETORICAL FRAMEWORK
To accurately model the complexity of Qur’anic similes,
it is essential to establish a robust rhetorical framework
that bridges classical Arabic linguistic theory with mod-
ern computational paradigms. This section provides the
theoretical grounding for the study, transforming abstract
rhetorical concepts into a structured format that is suit-
able for machine learning. First, we delineate the classi-
cal typology of tashbı̄h (simile) as articulated by masters
of Arabic eloquence. Second, we provide a theoretical
justification for categorical overlap, demonstrating how
the non-mutually exclusive nature of these categories
necessitates a multi-label approach. Finally, we oper-
ationalized these rhetorical insights into a formal anno-
tation schema, creating the necessary bridge between
classical Balāgha and automated text classification.

3.1. Classical Typology of Simile in
Arabic Rhetoric

Within the tripartite architecture of Arabic Balāgha
(rhetoric), tashbı̄h (simile) serves as a foundational pillar
of cIlm al-Bayān ( science of clarity). cAbd al-Qāhir al-
Jurjānı̄, in his seminal Asrār al-Balāgha, conceptualizes
tashbı̄h not as a mere ornamental comparison but as
a cognitive operation that likens one entity to another
in form and appearance to achieve a specific commu-
nicative end [1]. This linguistic mapping involves four
constitutive elements known as arkān al-tashbı̄h: the
tenor (al-mushabbah), the vehicle (al-mushabbah bihi),
the tool of comparison (adāt al-tashbı̄h), and the point of
resemblance (wajh al-shabah). Al-Zamakhsharı̄ further
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elevates the status of the simile in his exegetical work al-
Kashshāf, demonstrating that Qur’anic similes function
as hermeneutical instruments that translate abstract the-
ological truths into accessible, experientially grounded
cognitive frames [32].

Classical taxonomy organizes similes into distinct cat-
egories based on the structural presence or absence of
these elements. One primary axis distinguishes between
tashbı̄h mursal (loose), where the comparison particle—
such as ka- (like) or mithl—is explicitly mentioned, and
tashbı̄h mu’akkad (confirmed), where the particle is sup-
pressed to intensify the identification between tenor and
vehicle [33]. The secondary axis focuses on the point of
resemblance: tashbı̄h mufas. s. al (detailed) provides an ex-
plicit articulation of the shared attribute, whereas tashbı̄h
mujmal (concise) leaves the point of resemblance im-
plicit, thereby demanding higher cognitive engagement
from the reader to infer the intended meaning.

At the apex of this structural hierarchy lies tashbı̄h
al-balı̄gh (the eloquent simile), which represents a syn-
thesis of the emphatic and concise. In this form, both
the comparison tool and the point of resemblance are
elided, creating maximal semantic density and interpre-
tive openness [34]. Parallel to these structural divisions
is the category of tashbı̄h al-tamthı̄lı̄ (representational
simile). Unlike discrete similes that rely on isolated at-
tributes, the tamthı̄lı̄ form derives its point of resemblance
from a holistic configuration of multiple interacting ele-
ments that form a composite scenario or “gestalt” image.
Al-Jurjānı̄ characterizes this as a “compound similarity”
where the meaning emerges from the relational sce-
nario rather than individual components, a view echoed
by Ibn cĀshūr, who underscores its role as a cognitive-
pedagogical device that resonates with the audience’s
lifeworld [1, 35].

3.2. Overlapping Rhetorical Cate-
gories

A critical theoretical bridge between classical rhetoric
and modern computational modeling is the recogni-
tion that these taxonomic categories are mutually ex-
clusive. Instead, they operate as orthogonal dimen-
sions of the analysis. For example, the axes of “particle
presence” (mursal/mu’akkad) and “attribute explicitness”
(mujmal/mufas. s. al) are independent; a simile can simulta-
neously possess a particle and remain implicit in its point
of resemblance. This non-exclusivity is not a theoretical
flaw but a reflection of the multidimensional nature of
rhetorical eloquence, where a single linguistic unit can
activate multiple classificatory labels concurrently.

The Qur’anic verse Q18:45, which likens worldly life to
the lifecycle of vegetation influenced by rainwater, serves
as a paradigmatic case of this overlap. From a structural
perspective, the verse is mursal because of the explicit
particle ka- (as). Simultaneously, it is mujmal because

the central point of resemblance—the transience and
ephemerality of life—is not lexically stated but must be
reconstructed by the reader. Furthermore, it is classi-
fied as tamthı̄lı̄ because the resemblance emerges from
the entire temporal sequence of growth, withering, and
dispersal, rather than a single element. This “rhetori-
cal polysemy” proves that traditional multi-class classi-
fication, which enforces a single label per instance, is
theoretically incompatible with the sophisticated reality
of balāgha. Consequently, this theoretical overlap pro-
vides the necessary justification for adopting multi-label
learning (MLL) architectures, which permit a verse to
activate several labels simultaneously, based on different
rhetorical dimensions.

3.3. Annotation Schema

To transform this classical framework into a computa-
tionally tractable format, we operationalized the afore-
mentioned categories into an annotation schema that
comprised six primary labels. These labels (L1–L6) cor-
respond to Mursal, Mu’akkad, Mujmal, Mufas. s. al, Balı̄gh,
and Tamthı̄lı̄. Each label was governed by a rigorous
decision protocol designed to ensure inter-annotator reli-
ability. For instance, the tamthı̄lı̄ label is assigned only if
the point of resemblance is identified as emerging from a
composite scenario rather than a discrete attribute. This
systematic approach allows the translation of abstract
literary concepts into a binary vector format suitable for
modern NLP models.

The schema also incorporates logical constraints de-
rived from rhetorical theories to maintain internal consis-
tency. While categories like tamthı̄lı̄ can co-occur with
any other label, certain labels remain mutually exclusive
by definition, such as mursal and mu’akkad. Further-
more, the label for tashbı̄h al-balı̄gh is treated as a com-
posite label that is activated only when both the mu’akkad
and mujmal conditions are satisfied. By formalizing these
relationships, the schema preserves the analytical depth
of the classical tradition while providing the structured
knowledge required to train transformer-based models
to capture the nuanced, overlapping features of Qur’anic
similes.

4. DATASET CONSTRUCTION

The empirical foundation of this study rests on a spe-
cialized corpus of 364 Qur’anic verses systematically
extracted from the complete text of the Qur’an based on
authoritative rhetorical and exegetical references. The
selection process prioritized verses identified as contain-
ing simile structures (tashbı̄h) by classical masterworks,
most notably Al-Zamakhsharı̄’s al-Kashshāf [32] and
Ibn cĀshūr’s al-Tah. rı̄r wa-al-Tanwı̄r [35], which serve as
gold standards for identifying the nuanced boundaries of
Qur’anic figurative language. This rigorous sourcing strat-
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egy ensured that the dataset captured not only explicit
similes marked by comparative particles but also more
complex, implicit, and representational forms that are
often overlooked by automated keyword-based extrac-
tion methods. By anchoring the data selection in these
classical sources, the study maintains a high degree of
“rhetorical authenticity,” ensuring that the computational
models are trained on instances recognized by the tradi-
tion as the pinnacle of Arabic eloquence.

To ensure the highest level of theoretical fidelity and
expert validation, the annotation process followed rigor-
ous protocols similar to those employed in recent land-
mark Quranic linguistic projects [21]. The task was con-
ducted by a panel of three specialized linguists, each
holding a doctorate in Classical Arabic Rhetoric. These
experts employed a deductive labeling approach, ap-
plying the classical typology outlined in the rhetorical
framework (Section 3) to all 364 instances. Crucially, the
annotation was designed as a multi-label task from its
inception; annotators were instructed to identify every
applicable rhetorical category for each verse rather than
forcing a singular and reductive classification. To main-
tain consistency and minimize subjectivity, a Delphi-style
consensus protocol was utilized, whereby discrepancies
in labeling were resolved through a joint review of clas-
sical exegeses until final agreement was reached. This
expert-led methodology produced a robust “ground truth”
that accounts for the interpretive plurality and structural
complexity characteristic of the Qur’anic text.

Quantitatively, the final dataset comprised 364 unique
verses, which collectively yielded 712 label assignments
across six defined rhetorical categories. This distribu-
tion results in a high label density, with an average of
1.96 labels per verse, a figure that empirically confirms
the non-mutually exclusive nature of Arabic rhetorical
devices. While certain simpler structures were assigned
a single label, a significant majority of the corpus (ap-
proximately 72%) manifested two or more overlapping
categories, with the most complex instances activating
up to four distinct labels simultaneously. These statistics
provide clear evidence of the “rhetorical overlap” that ne-
cessitates a multi-label learning approach, as a standard
multi-class paradigm would have failed to capture nearly
65% of the total rhetorical information in the dataset. This
high-density corpus, hereafter referred to as Sima, pro-
vides a rigorous benchmark for evaluating the capacity
of modern transformer models to decode the multilay-
ered eloquence of the Qur’an. To facilitate reproducibility
and future research in Qur’anic NLP, the Sima dataset
and the implementation framework are made publicly
available at https://github.com/NoorBayan/Sima.

5. METHODOLOGY
This section delineates the computational framework and
experimental design employed to classify the Qur’anic

similes. The methodology is structured to ensure
technical rigor and replicability by integrating modern
transformer-based architectures with specialized multi-
label learning techniques that align with classical rhetor-
ical theory. Our methodological choices—specifically,
the adoption of pre-trained language models and a de-
terministic evaluation protocol—are strategically driven
by the necessity to capture the high semantic density
of Qur’anic verses while mitigating the statistical limita-
tions of a finite corpus. We begin by formally defining
the classification task and its mathematical formulations.
Subsequently, we describe the model architecture, fo-
cusing on the adaptation of Arabic-specific encoders to
overlapping rhetorical categories. This is followed by
a detailed account of the training configuration and the
experimental setup. Finally, we provide an overview of
the evaluation metrics used to assess the model perfor-
mance across global and label-specific dimensions.

5.1. Task Definition

The classification of Qur’anic similes is formally defined
as a supervised multi-label learning task in which each
input verse is associated with a set of non-mutually exclu-
sive rhetorical categories. Unlike traditional single-label
classification, this task accounts for the overlapping na-
ture of Arabic rhetorical devices, where a single textual
unit may simultaneously instantiate multiple categories.
Formally, given an input verse x, the model aims to learn
a mapping function f (x) → y, where y ∈ {0, 1}k is a
binary vector of length k that represents the presence or
absence of each rhetorical label. This formulation allows
for ∑ y ≥ 0, enabling the model to capture scenarios
in which multiple rhetorical devices co-occur, which is
essential for preserving the semantic and stylistic depth
of the Qur’anic text.

5.2. Model Architecture

The proposed research strategically utilizes a
transformer-based architecture to generate high-
dimensional contextualized representations of the input
text, leveraging the self-attention mechanism to capture
long-range dependencies within the Qur’anic verse
[36]. This architectural choice is predicated on the
Transformer’s superior ability to resolve the complex
syntactic structures and implied meanings inherent in
Classical Arabic, which traditional sequential models
(such as RNNs) often fail to capture. The complete
end-to-end computational pipeline, which facilitates the
transition from raw linguistic input to multi-label rhetorical
predictions, is illustrated in Figure 1. This architectural
design is specifically engineered to preserve nuanced
semantic and syntactic layers essential for sophisticated
rhetorical analysis.

As depicted in the architectural diagram, the core
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Figure 1. The proposed multi-label classification architecture
for Qur’anic similes, illustrating the flow from the input verse
through the Transformer encoder to the independent sigmoid
output layer.

of the system consists of a transformer encoderutiliz-
ing state-of-the-art Arabic-optimized variants such as
AraBERT [19], MARBERT [37], or CamelBERT [38]. The
model processes the tokenized input to produce an ag-
gregated semantic vector derived from the special classi-
fication token ([CLS]), which serves as a holistic latent
representation of the rhetorical structure of the verse.

To adapt this framework for the multi-label task, the en-
coder is coupled with a task-specific classification head
comprising a linear transformation layer that maps the
hidden state to the label space dimension. Crucially, a
sigmoid activation function is applied to the output of
this layer, diverging from the standard softmax function,
which is typical of multi-class paradigms. The adoption
of sigmoid activation is not arbitrary; it is theoretically
motivated by the requirement to model each rhetorical
category as an independent, Bernoulli trial. This mathe-
matical formulation enables the model to estimate inde-
pendent probabilities for each label, thereby facilitating

the identification of overlapping rhetorical features and
capturing the inherent non-mutual exclusivity of classical
balāghah categories.

5.3. Training Setup
The training process is optimized using Binary Cross-
Entropy (BCE) loss, which treats each label as an inde-
pendent binary classification problem, penalizing incor-
rect predictions for each rhetorical category separately
[39]. Given the specialized nature of the dataset, which
represents an exhaustive census of Qur’anic similes
rather than a random sample, strict measures were taken
to ensure experimental reproducibility and a fair compar-
ison between architectures. Accordingly, the dataset
was partitioned into training, validation, and test sets
(70/15/15) using a fixed random seed ( 42). This deter-
ministic splitting strategy ensures that the validation and
test sets remain consistent benchmarks for all models,
mitigating the stochastic variance often associated with
smaller corpora [40].

Model optimization was conducted using the AdamW
optimizer with decoupled weight decay to mitigate over-
fitting [41]. Based on preliminary hyperparameter tuning,
the final training configuration was standardized with a
learning rate of 2 × 10−5 (3 × 10−5 for AraBERT), per-
device batch size of 8, and training duration of 15 epochs.
To convert the continuous probability outputs into final bi-
nary predictions, a classification threshold of τ = 0.5 was
applied to the sigmoid outputs. This rigorous setup en-
sured a robust and fully replicable training environment
capable of capturing the subtle nuances of Classical
Arabic rhetoric.

5.4. Evaluation Metrics
To comprehensively assess the model performance in a
multi-label context, three specialized metrics were em-
ployed. The Micro-averaged F1-score was used to pro-
vide a global assessment of the effectiveness of the sys-
tem by aggregating the true and false positives across all
labels, effectively weighting the results by label frequency.
Conversely, the Macro-averaged F1-score was used to
evaluate the model’s performance on a per-label basis,
ensuring that less frequent but rhetorically significant cat-
egories were given equal weight in the final assessment
[42]. Finally, the Hamming Loss is included to measure
the fraction of incorrectly predicted labels averaged over
the entire dataset [43]. Together, these metrics account
for partial correctness and provide a balanced view of
the model’s ability to navigate the complex, overlapping
taxonomies of Qur’anic simile classification.

6. EXPERIMENTS AND RESULTS
This section presents an empirical evaluation of the pro-
posed multi-label classification framework, providing a

© 2026 JAST Sana’a University Journal of Applied Sciences and Technology 2069

https://journals.su.edu.ye/index.php/jast
https://journals.su.edu.ye/index.php/jast


Wadee A. Nashir et al.

comprehensive assessment of its performance in iden-
tifying overlapping Qur’anic rhetorical categories. The
primary objective was to measure the efficacy of deep
contextualized representations compared to traditional
statistical benchmarks. We began by establishing a per-
formance baseline using frequency-based features, fol-
lowed by an in-depth analysis of state-of-the-art Arabic
Transformer models. To provide a transparent view of
the learning process, we examined the training dynamics
and convergence patterns of the optimal model. Finally,
the section concludes with a qualitative error analysis
that categorizes predictive limitations, offering insights
into the structural and lexical challenges inherent in au-
tomated rhetorical analyses.

6.1. Baseline Models

To establish a comparative performance benchmark, a
traditional machine learning pipeline was implemented
using Term Frequency-Inverse Document Frequency (TF-
IDF) as the feature extraction method and Logistic Re-
gression as the classifier. TF-IDF was configured to
transform the raw Qur’anic text into a numerical represen-
tation based on word frequency and inverse document
distribution, capturing the lexical importance of tokens
in the corpus. This baseline was included to evaluate
the efficacy of frequency-based statistical methods in
handling multi-label rhetorical classification compared
with contextualized deep learning architectures. Quanti-
tatively, the TF-IDF baseline achieved a Micro F1-score
of 0.6161 and a Macro F1-score of 0.3077, with a Ham-
ming Loss of 0.2560. These results indicate a limited
capacity for capturing label correlations, particularly for
low-frequency categories, thereby serving as the lower
bound for performance evaluation.

6.2. Transformer-Based Results

The performance of three Arabic-specific Transformer
models—AraBERT [19], CamelBERT-CA [38], and MAR-
BERT [37]—was evaluated over 15 training epochs.
Table 1 summarizes the peak performance metrics
achieved by each model in the validation phase.

A quantitative comparison demonstrates that all
transformer-based models substantially outperformed
the TF-IDF baseline across all metrics, as shown in
Figure 2. MARBERT emerged as the superior model,
achieving the highest Micro F1-score (0.7685) and Macro
F1-score (0.6003), while maintaining the lowest Ham-
ming Loss (0.1577).

The steady progression of these metrics for the
top-performing model is illustrated in Figure 3(a).
CamelBERT-CA showed a competitive Micro F1-score
of 0.7433, whereas AraBERT peaked at 0.7304. The
observed increase in the Macro F1-scores across the
transformer models, particularly in MARBERT, suggests

Figure 2. Visual comparison of Micro and Macro F1-scores
across all evaluated models, highlighting the significant perfor-
mance gain of MARBERT over statistical baselines.

an improved capability to classify infrequent labels com-
pared with the statistical baseline. Furthermore, the
convergence patterns indicate that most models reached
their optimal validation performance between epochs 7
and 9, as evidenced by the training and validation loss
trends depicted in Figure 3(b). Subsequently, the valida-
tion loss exhibited fluctuations, suggesting the onset of
potential overfitting on the specialized dataset.

6.3. Error Analysis
A systematic review of the models’ predictions revealed
specific patterns of error related to the data distribution
and structural complexity. The most common error types
observed were “Partial Match” and “Label Omission.” In
cases of label omission, the models frequently failed
to identify labels with low representation in the dataset,
such as Mu’akkad (7.4%) and Mufas. s. al (6.0%). This
suggests a sensitivity to data sparsity, where the limited
number of training instances for these categories im-
peded the model’s ability to learn distinct discriminative
features.

Additionally, the models exhibited lower accuracy on
verses with high label density (3+ labels), which consti-
tute 22.3% of the dataset. For these complex instances,
the models often predicted the dominant labels (Mur-
sal or Mujmal), while failing to activate concurrent sec-
ondary labels. Structurally, errors were more frequent in
verses where comparative markers were absent, leading
to misclassifications between the Balı̄gh and Mu’akkad
categories. These errors are attributable to the high de-
gree of lexical overlap between these classes at the input
level, where the model’s classification head struggled to
differentiate between subtle syntactic variations. Finally,
a small subset of errors resulted from “Over-prediction,”
where the model assigned frequent labels to verses that
did not contain them, likely as a result of the high prior
probability of these labels within the training distribution.
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Table 1. Comparative performance metrics of the baseline and Transformer-based models for multi-label Qur’anic simile
classification.

Model Best Epoch Micro F1 Macro F1 Hamming Loss
TF-IDF (Baseline) - 0.6161 0.3077 0.2560
AraBERT 7 0.7304 0.4648 0.1845
CamelBERT-CA 7 0.7433 0.4888 0.1726
MARBERT 9 0.7685 0.6003 0.1577

(a) Metric progression for MARBERT.

(b) Training vs. Validation Loss.

Figure 3. Training dynamics of the MARBERT model, showing
(a) the evolution of F1 metrics and (b) the convergence of loss
functions over 15 epochs.

7. DISCUSSION

The empirical findings presented in the previous section
demonstrate a significant shift in the computational ca-
pacity to decode the rhetorical layers of the Qur’an, mov-
ing from simple statistical detection to nuanced, multi-
dimensional classification. This section provides a quali-
tative and theoretical synthesis of these results, moving
beyond quantitative metrics to interpret the underlying
linguistic and cognitive factors that drive the model perfor-
mance. We begin by offering a linguistic interpretation of
the results, specifically analyzing how transformer-based
architectures capture—or struggle with—the overlapping
nature of Balāgha categories. Subsequently, we discuss

the broader implications of these findings for classical
Arabic rhetorical theory, positioning the results as compu-
tational evidence of the structured and synergistic nature
of Qur’anic eloquence. Finally, we provide a critical reflec-
tion on the study’s limitations, addressing the challenges
of data sparsity and the inherent subjectivity involved in
annotating divine discourse.

7.1. Linguistic Interpretation of Re-
sults

The experimental findings offer profound computational
validation of the structural complexity inherent in Qur’anic
similes. The high label density (1.96) and the fact that
over 72% of the corpus carries multiple labels suggest
that rhetorical figures in the Qur’an do not function in
isolation but through a synergistic overlap of categories.
The superior performance of MARBERT over the statis-
tical baseline indicates that identifying these categories
requires more than keyword matching; it necessitates
attention to contextual and semantic nuances that classi-
cal rhetoricians termed naz. m (the delicate arrangement
of words).

The disparity between the Micro and Macro F1 scores
(0.76 vs. 0.60) reveals a significant linguistic insight:
while the models excel at identifying dominant rhetori-
cal modes such as Mursal and Tamthı̄lı̄, they struggle
with the “rhetorical exceptions”—the rare Mu’akkad and
Mufas. s. al forms. This suggests that the models have
effectively learned the “prototypical” Qur’anic simile (ex-
plicit and scenario-based) but find the “heightened” or
“condensed” eloquence of Balı̄gh similes more challeng-
ing.

For instance, in a verse such as Q14:18 (see Fig-
ure 4), where deeds are compared to ashes scattered by
the wind, the model’s success in identifying the Tamthı̄lı̄
(representational) aspect while potentially omitting the
Mufas. s. al (detailed point) reflects a bias toward holistic
imagery over discrete syntactic specifications.

Figure 4. Qur’anic verse Q14:18, representing a complex
simile structure where the model must navigate the overlap
between representational (Tamthı̄lı̄) and detailed (Mufas. s. al)
categories.
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Furthermore, the “Partial Match” errors identified in
the analysis underscore the difficulty of “rhetorical pol-
ysemy.” When a verse instantiates three or more cate-
gories, the model often captures the most structurally
evident label (e.g., the presence of a comparative parti-
cle) while overlooking deeper semantic layers (e.g., the
implicit nature of the point of resemblance). This be-
havior suggests that while modern NLP can capture the
surface-level markers of Balāgha, the deeper interpretive
layers—where multiple rhetorical functions converge—
still require more sophisticated semantic grounding.

7.2. Implications for Arabic Rhetori-
cal Theory

This study provides a significant computational bridge
to classical Arabic rhetorical theory, specifically support-
ing the long-held scholarly view of the non-exclusivity of
rhetorical devices. By formalizing tashbı̄h classification
as a multi-label task, we provide empirical evidence for
the synergistic nature of Balāgha that classical schol-
ars such as al-Jurjānı̄ and al-Zamakhsharı̄ described [1,
32]. The high rate of co-occurrence between the Mur-
sal and Tamthı̄lı̄ labels suggests that Qur’anic discourse
intentionally uses explicit comparative tools to anchor
complex, multi-element narrative scenarios, rendering
abstract truths more accessible.

The results further position Arabic rhetoric as a form
of “structured knowledge.” The ability of transformer mod-
els to achieve substantial F1 scores indicates that the
categories defined by medieval scholars are not merely
subjective aesthetic judgments but are rooted in consis-
tent linguistic and semantic patterns that are computa-
tionally learnable. This validates classical taxonomy as a
rigorous analytical system. Rather than viewing rhetoric
as a fluid, unpredictable art, this study demonstrates that
it functions as a sophisticated, rule-governed system in
which different levels of meaning—syntactic, semantic,
and representational—interleave within a single textual
unit.

7.3. Limitations

Despite the promising performance of these models, sev-
eral limitations must be acknowledged. First, regarding
the dataset size, the corpus comprised 364 verses. This
constraint is intrinsic to the domain, representing an ex-
haustive census of similes identified in authoritative clas-
sical exegeses, rather than a scalable random sample.
While this ensures rhetorical authenticity, the resulting
sparsity creates a “Macro F1 bottleneck,” where rare
categories such as Mufas. s. al and Mu’akkad are under-
predicted. Furthermore, regarding statistical robustness,
the finite nature of the data limited the feasibility of ex-
tensive protocols, such as k-fold cross-validation, which
might fragment these rare label co-occurrence patterns.

Instead, a fixed-seed split was employed to ensure exper-
imental reproducibility and validate the model’s capacity
within this specialized, expert-verified domain.

Second, the inherent subjectivity of rhetorical anno-
tations remains a challenge. Although the dataset was
validated by experts, the boundaries between certain cat-
egories and such as Mujmal (implicit) versus Mufas. s. al
(explicit)—can occasionally be “fuzzy” depending on the
exegetical school followed. This subjectivity introduces
a level of label noise that may affect the model’s cer-
tainty, as reflected in the fluctuations in the validation
loss. Finally, the study is limited to the text of the Qur’an;
therefore, the learned rhetorical patterns may not be di-
rectly transferable to other Classical Arabic genres (such
as pre-Islamic poetry) without further domain-specific
adaptation, as the Qur’anic style possesses a unique
rhetorical signature.

8. CONCLUSION AND FUTURE WORK
This study formalized Qur’anic simile classification as
a multi-label learning task, transcending the binary and
single-label constraints that have historically limited com-
putational rhetoric. By integrating classical taxonomies
with state-of-the-art Arabic Transformers, we provided
empirical validation for the “rhetorical overlap” theorized
by classical scholars, proving that nuanced, interleaved
rhetorical functions are computationally modelable. The
superior performance of the MARBERT model confirms
that modern NLP can capture high-level aesthetic fea-
tures when grounded in a rigorous and expert-validated
framework. Ultimately, this work contributes to Dig-
ital Humanities by establishing a scalable “computa-
tional hermeneutics” bridge, demonstrating that classical
rhetorical wisdom can be effectively operationalized to
deepen our analytical understanding of sophisticated
Classical Arabic discourse.

Several promising avenues for future research have
emerged from this framework. A primary direction in-
volves expanding the scope to a broader spectrum of
balāghah devices, such as metaphor (isticāra) and irony
(tahakkum), to a comprehensive computational model
of Qur’anic stylistics. Furthermore, future efforts should
transition from classification to generative paradigms ca-
pable of producing natural language explanations and
detailed exegetical interpretations of rhetorical structures.
Finally, investigating cross-surah generalization will be
critical for evaluating model robustness across diverse
revelation periods and thematic contexts. Such advance-
ments will refine this methodology into a holistic tool
for both scholars and practitioners, facilitating the auto-
mated stylistic analysis of the vast and intricate heritage
of Classical Arabic literature.
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