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Abstract—This article focuses on identifying the defining fea-
tures of a metered Arabic poetic structure. In addition to its
research and educational advantages, emphasizing the compre-
hensibility of the structure, even without language proficiency,
enables individuals to grasp its core essence. This understanding
opens up opportunities for exploring comparative possibilities
and establishing connections with poetic structures in different
languages.

To achieve this goal, this article presents a novel clustering
approach based on the six following poem metrics (Diversity,
Evenness, Variability, Repetition, Pattern Potential and Pattern
Usage) and utilizing two distinct algorithms. We discovered that
the most significant poem metrics are Repetition, Variability and
Pattern Usage and two attributes are sufficient to characterize
the poetry instead of six.

Keywords—Arabic poetry, Poetry Clustering, Poetry variabil-
ity, Poetry complexity, Order and Complexity, Arabic poetry
meters

I. INTRODUCTION

Poetry analysis has long been a subject of research and
inquiry. Previous studies have primarily focused on exploring
the style, semantic, and figurative language aspects of po-
etry [1]. Undoubtedly, poets express emotions, imagination,
style, and sentiments through their words. These elements
directly contribute to the textual content of the poem, but
the structural aspect also plays a significant role in poetry
aesthetics [2]. Similar to music, the lyrical essence of a song
cannot be fully appreciated without considering the musical
composition that accompanies it. However, it is worth noting
that music can exist without lyrics, whereas poetry invariably
requires a text.

This realization prompted us to recognize the importance of
the poetic structure as a crucial element that warrants in-depth
examination. We investigate metered Arabic poetry structure,
aiming to identify distinctive traits that contribute to the unique
character of each poem.

This study is situated within the exploring of the notions
of order and complexity as they pertain to Arabic poetry.
Building upon the findings of previous research (i.e., [3], [4]),
we understand order to encompass all aspects of structure
and organization, whereas complexity is associated with the
quantity and variety of information. Consequently, the number
of structural elements contributes to its complexity, while the
arrangement of these elements influences its order.
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In the context of metered Arabic poetry, specific structural
elements are particularly relevant when considering com-
plexity. These elements include used meters and patterns
throughout the poem while the arrangement of these struc-
tural elements contributes to the overall sense of order. By
thoroughly analyzing these components, we aim to extract
and evaluate poem metrics related to order and complexity
for understanding their impact on poems clustering.

Understanding the intricate interplay between order and
complexity in Arabic poetry is important both for research
and education purposes. It allows to understand the poetic
structures and to explore the potential of their comparison. The
structure itself does not necessitate a complete understanding
of the language, which paves the path for poetic insights into
other languages while considering their unique characteristics
and demands concerning meter and patterns. This article aims
at contributing to this goal by addressing the following re-
search question: What poem metrics differentiate the structure
of a metered Arabic poem from another?

To address this question, this article is structured as fol-
lows: Section II gives an overview of metered Arabic poetry,
Section III presents previous work related to this research,
Section IV describes extracted metrics and Section V details
conducted clustering experiments. Then, Sections VI and VII
summarize clustering options and insights and finally, Sec-
tion VIII wraps up with a conclusion.

II. BACKGROUND

Syllables, patterns and meters are the structural elements
of metered Arabic poetry. A syllable is represented by the
letter (L) for long, (S) for short and (A) in case of absence of
vocalization. Syllabic quantity (Q)) is the base metric to calcu-
late the weight of any sequence of syllables. A long syllable
(L) is twice as long as a short syllable (S) [S]. The absence
of vocalization (A) is assumed to have no weight. Thus, the
syllable quantity is computed as ) = 2ny, + 1ng + On 4. For
example the syllable quantity of LSLA is 5.

A pattern refers to a named sequence of syllables, e.g., the
pattern Faa’ilaan is composed by the 4 syllables LSLA. The
meter is a set of ordered patterns in a verse. In most poems,
the verses adhere to one consistent meter. The occurrence
of multiple meters within a single poem is uncommon. The



meter is related to an entire verse, and the number of pattern
positions in the verse depends on the meter, ranging from
2 to 8, as shown in Table I. Since a pattern may exist in
more than one meter at one or more positions, any change
in verse patterns arrangement may have an impact on the
verse’s structure. Meters are assigned unique names and serve
to establish the rhythm of the verse. There are 16 root meters
and 29 different variants in metered Arabic poetry based on
43 distinct patterns. A variant that retains the same number of
patterns as the root meter is considered as Complete (C) while
one that does not is considered as Partial (P) [6].

TABLE I

AVAILABLE POSITIONS AND PATTERNS PER METER VARIANT

Meter Pos., Pat. Meter Pos., Pat.
Alttawil C. 8,6 Almutadaarak C. 8,6
Albasit C. 8,8 Almutadaarak P.1 6,7
Albasit P.1 6, 11 Almutadaarak P.2 4,7
Albasit P.2 6,9 Almutaqaarib C. 8,5
Alhazaj C. 4,6 Almutaqaarib P. 6,5
Alkaamil C. 6, 10 Alrrajaz C. 6, 13
Alkaamil P. 4,9 Alrrajaz P.1 4,13
Alkhafif C. 6, 10 Alrrajaz P.2 3,8
Alkhafif P. 4,7 Alrrajaz P.3 2,6
Almadid C. 6, 10 Alrramal C. 6, 12
Almadid P. 4,7 Alrramal P. 4,12
Almudaari’ C. 4,4 Alssari’ C. 6, 11
Almujtath C. 4,7 Alwaafir C. 6, 4
Almunsarih C. 6,9 Alwaafir P. 4,4

Almugqtadab C. 4,5

ITI. RELATED WORK
A. Classification of non Arabic poetry

Previous research demonstrated that concrete features such
as rhyme and alliteration, as well as abstract features like pos-
itive emotions and psychological well-being, can be utilized
to distinguish if a particular poem was written in the style
of professional poets or amateur poets [7]. The research [§]
used orthographic, syntactic, phonemic and lexical features
related to word types to classify Bangla poems into four cat-
egories: “Devotional”, “Love”, “Nature”, and “Nationalism”.
The study compares the performance of Super Vector Machine
(SVM) and Naive Bayes algorithms and finds that SVM,
trained on both lexical and stylistic features, outperforms the
other method. Similarly, the article [9] comes to a close
conclusion when categorizing Punjabi poems into categories:
“Nature and Festival”, “Linguistic and Patriotic”, “Relation
and Romantic” and “Philosophy and Spiritual” using different
lexical, syntactic and semantic features. In the subject-based
poetry classification research [10], poems are classified in
categories such “Love”, “Nature”, “Religion”, “Living”, “Arts
& Sciences” using term frequency and probabilistic models
(Latent Dirichlet Allocation). The SVM classifier gives an
overall accuracy ranging between 0.6 and 0.8. In emotion
classification field, [11] used deep learning algorithms to cat-
egorize a dataset of English poems into emotional states such

“Love”, “Joy”, “Hope”, “Sadness”, “Anger” etc. Experimental

results obtained by using the C-BiLSTM model achieves
an overall accuracy of 88%. Some researchers [12], [13]
direct their attention towards binary classification in order to
differentiate between metered and non-metered poems or to
distinguish poetry from prose.

Whereas the research discussed above focuses on supervised
learning, other research investigated unsupervised machine
learning classification techniques or statistical approaches
when poems categories are unknown. For instance, a study
analyzed a collection of American poems and computed
weighted metrics based on different features [14]: ortho-
graphic, syntactic and phonetic. The findings suggest that
these features are better suited for clustering and distinguish-
ing between different poetry styles than traditional word-
occurrence features. Another study [15] uses a clustering
approach for mining T.S. Eliot’s poem “The Waste Land”
using a slightly modified version of K-means algorithm and
achieves better results than baseline approaches. A recent
paper also suggests a clustering approach for mining emotional
patterns in Romanian poetry using lexicon-based emotion
features [16]. That study employs a hierarchical clustering
algorithm that yields 50 clusters, which are validated by a
Silhouette Index of 0.79. Rather than using machine learning
techniques, the research [17] analyzed the authorship of the
21-poem collection “The Passionate Pilgrim”, associated with
William Shakespeare using three statistical techniques: Princi-
pal Component Analysis (PCA), Linear Discriminant Analysis
(LDA), and Vector Space Method (VSM), along with four
neurolinguistic-based features. The study reveals that only 15
poems are authored by Shakespeare.

B. Classification of Arabic poetry

The Arabic poetry categorization by era conducted by
researchers [18] involved using multiple classifiers on a vast
collection of poems ranging from the 5th to 15th century. The
best-performing model for this task was the Multinomial Naive
Bayes with a word tokenizer and no stop words, achieving an
accuracy score of 70.21%. For the same purpose of classifying
poems by era, the study [19] employed deep learning models
and discovered that polarity categorization between “Modern”
and “Non Modern” poems achieved a high score of over 91%
due to significant vocabulary differences. To classify Arabic
poetry based on emotions, study [20] categorized poems into
four classes: “Elegy”, “Love”, “Pride”, and “Satire”. The study
compared four algorithms: Naive Bayes, SVM, Voting Feature
Intervals (VFI), and Hyperpipes, and found that Hyperpipes
with non-stemmed and non-rooted features achieved the high-
est precision of 79%. Similarly, [21] used three classifiers,
namely SVM, Linear Support Vector Classification (SVC),
and Naive Bayes to categorize modern Arabic poems into four
classes: “Love”, “Islamic”, “Social” and “Political”. The study
found that SVC and Naive Bayes outperformed the SVM algo-
rithm. In the same topic, the research [22] investigates the use
of deep learning techniques for categorizing Arabic poems into
emotional categories, such as “Joy”, “Sadness”, and “Love”.
After training several models, the study found that AraBERT,



an Arabic variant of Bidirectional Encoder Representations
from Transformers (BERT), achieved the highest performance.
In the field of authorship recognition, the research [23] used
lexical, syntactic, and semantic features extracted from poems
written by 73 poets and achieve an overall accuracy of 98.63%
when using SVM classifier on all features.

This literature review shows that researchers have used
various techniques to classify poems using mainly textual
features. Some of them have explored poetry structure. The
majority of this work has focused on English and other
languages. This is particularly noteworthy given that Arabic
is one of the most widely spoken languages in the world,
yet there has been little research investigating its poetry. The
exploration of poetry structure for clustering purposes aims to
bridge this gap and expand the natural language processing by
incorporating analysis of metered Arabic poetry. To the best
of our knowledge, this article represents the first attempt to
cluster metered Arabic poetry using the notions of order and
complexity.

IV. POEM STRUCTURE METRICS

As shown in Table II, we selected 6 metrics of order and
complexity. We discarded other metrics for correlation reasons.
For example, we excluded Simpson’s indices [24] from the
diversity metrics because they are correlated with Shannon’s
indices. Some syllabic similarity metrics using Gestalt pattern
matching [25] are found to be correlated with repetition
metrics. Similarly, metrics that gauge variability through the
Manhattan distance between verses syllabic quantity are cor-
related with the variability metric using standard deviation.

TABLE I
POEM METRICS

Metric Att. Type
Diversity DIV | Complexity
Eveness EVE | Complexity

Variability VAR Order

Repetition REP Order
Pattern Potential | POT | Complexity
Pattern Usage USG | Complexity

A. Diversity

The Shannon diversity index [26], also known as the
Shannon-Wiener index or Shannon entropy, is a measure used
to quantify the diversity or richness of a dataset. While it
is commonly applied in the context of biodiversity to assess
species diversity within an ecosystem, we assume that the
index is applicable to the context of metered Arabic Poetry
considering the whole poem as a community and patterns as
the species inside the community.

P

DIV = = " (pilog,(p:)) ()
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DIV is the Shannon entropy or diversity index. P is the total
number of patterns in the poem. p; is the proportion or relative

abundance of patterns in the poem. The higher the value of
DIV, the higher the diversity. A value of DIV = 0 indicates a
poem uses one pattern only.

B. Evenness

The Shannon evenness index [26], also known as Equitabil-
ity index, is a metric that quantifies the evenness or uniformity
of different patterns in the poem. This value ranges from O to
1 where 1 indicates complete uniformity.

EVE is the Shannon evenness index. DIV is the Shannon
diversity index. P is the total number of patterns in the poem.

DIV
EVE = ——— )
10g2(P )

C. Variability

This metric is computed using the standard deviation of
syllabic quantity (@) of all poem’s verses (V). If all verses
have the same value (Q)), the variability is 0.

1 < _
VAR = V;(Qi —- Q)2 3)

D. Repetition

This metric evaluates the repetition of syllabic sequences in
the poem. Its highest value is 1 when all verses have the same
syllabic sequence, as the maximum count of repeated syllables
matches the number of verses (V). Conversely, the lowest
value is achieved when each verse has its distinct syllabic
sequence, resulting in a maximum count of repeated syllables
of 1. The repetition metric is then computed as the reciprocal
of the number of verses, represented by the division of 1 by
the number of verses.

Maximum Count of repeated syllables

REP =
|4

“4)

E. Pattern Potential

This metric calculates the difference between the patterns
accessible to the poet through the meter (F,) of the poem and
the patterns actually employed in the poem (P,). It serves as
an indicator of the number of unused patterns at the poet’s
disposal.

POT = P, — P, ®)

F. Pattern Usage

This metric highlights the usage of few patterns in the
poem’s composition by assuming that composing a limited
number of verses with a diverse range of patterns is generally
easier than constructing a large number of verses with only a
few patterns.

V. POT
L-P,

USG is the pattern usage metric, V' is the number of verses,
POT is the pattern potential metric described in equation 5,

USG = (6)



P, is the number of patterns available in the poem’s meter, L
is the upper limit of verses processed per poem. In this study,
L is set to 100. In most cases, USG varies between 0 and 1
except when the poet uses more than one meter in the same
poem.

V. EXPERIMENTS

The experimental process includes three sequential phases.
The first involves corpus data exploration. In the second
phase, clustering tests are applied using various attributes
combinations. In the final phase, clustering options that exhibit
the highest clustering validation indices are retained.

A. Corpus

We used the poetry corpus used by [6] and extended it to
119 poems [27]. The number of verses per poem ranges from
5 to 100. The corpus contains 68 distinct poets and counts
3381 verses. This corpus covers various historical periods,
spanning from pre-Islamic times to the present. Additionally, it
encompasses all poetic meters. Another advantage is that the
text within the corpus is diacritized, enabling the detection
of poetic meter with greater accuracy. Poetry datasets and
clustering data are available at [27].

TABLE III
DATA SUMMARY BEFORE STANDARDIZING
USG | POT | REP | DIV | EVE | VAR
min -0.15 -3 0.05 | 0.00 | 0.19 | 0.00
median | 0.09 3 020 | 1.22 | 0.85 | 0.86
mean 0.11 396 | 029 | 1.13 | 0.83 | 0.78
max 0.71 11 1.00 | 1.94 | 1.00 | 2.42

The corpus contains some outliers data points that are
retained as they could provide insights into unconventional
compositions. All data points are centered and scaled.
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Fig. 1. Scaled data summary

B. Clustering analysis

The goal of clustering Arabic poetry compositions is to
explore the degree of similarity or dissimilarity among po-
etic structures, aiming to enhance their characterization and
categorization beyond the traditional classification based on
meter. Clustering, also known as cluster analysis, consists
of grouping objects into a number of clusters in a manner
that objects in the same groups are similar to each other
and dissimilar to those in other groups [28]. Clustering is a
fundamental component of exploratory data analysis. Unlike
supervised learning, where models are trained to map input to
a specific output, clustering is considered as an unsupervised
learning approach [29]. The task of clustering is challenging
due to the fact that clustering methods will generate clusters
even if the data lacks inherent cluster structure. Consequently,
it becomes imperative to assess the cluster tendency of the
dataset prior to employing any clustering algorithm. Once the
tendency is deemed sufficient, the analysis can proceed by
clustering the data, subsequently evaluating the quality of the
obtained results. Another hurdle arises in attribute selection,
as there is no target output available. This necessitates context
dependent approaches [30].

In clustering analysis, five commonly used clustering indi-
cators [31] are computed. The Hopkins statistic is used for
clustering tendency. The Silhouette coefficient, the Calinski-
Harabasz index, the Davies-Bouldin index and the Dunn index
are used for cluster validation. The Hopkins statistic [32] is
employed to evaluate the clustering tendency of a dataset,
aiming to determine if the data distribution is non-random.
The Hopkins statistic value ranges from 0O, indicating a lack
of discernible clustering possibilities, to 1, denoting a substan-
tial capacity for effective classification. Unlike the Hopkins
statistic used for assessing clustering tendency, the Silhouette,
Calinski-Harabasz, Davies-Bouldin and Dunn indexes are used
for clustering validation. The Silhouette coefficient [33] serves
as a metric for evaluating the degree of separation between
clusters. It quantifies the proximity of each data point within
a cluster to the data points in neighboring clusters. Ranging
between -1 and 1, a value approaching 1 signifies that a data
point is significantly distant from neighboring clusters. A value
of 0 indicates that the data point is in close proximity to neigh-
boring clusters. Conversely, a negative value suggests that the
data point may have been wrongly assigned to an incorrect
cluster. According to [34] and [35], when the Silhouette
coefficient exceeds the threshold of 0.50, it indicates a good
clustering quality. A value surpassing 0.70 provides strong
evidence of excellent clustering quality. The Calinski-Harabasz
index [36], also known as the variance ratio criterion, is a
clustering evaluation metric for assessing different clustering
alternatives. It is a ratio of the between-cluster variance and
the within-cluster variance, and it is used to determine the
number of clusters that should be used in a clustering solution.
The Calinski-Harabasz index ranges from O to infinity and
should be maximized. The higher the index, the better the
solution. The Davies-Bouldin index [37] is a measure used



to evaluate the clustering quality. It is based on the average
similarity between clusters considering within-cluster disper-
sion and separation between clusters. It theoretically ranges
from O to infinity and should be minimized. The lower the
index, the better the solution. The Dunn index [38] is another
clustering evaluation metric defined as the ratio between the
minimum inter-cluster distance and the maximum intra-cluster
distance. It theoretically ranges from O to infinity ans should
be maximized. The higher the index, the better the solution.

In the context of this research and due to the lack of
available output attribute, the clustering of all combinations
of attributes is considered. Attributes are combined without
repetition. Each combination includes at least 2 attributes
and up to 6. Two distinct clustering algorithms, namely
hclust (Agglomerative Hierarchical Clustering) and K-means
(Partitioning clustering) are applied to each combination. For
each algorithm, 8 clustering options are tested by varying the
number of clusters from 2 to 9. Consequently, 912 clustering
options are tested, as summarized in Table IV.

TABLE IV
ATTRIBUTES COMBINATIONS AND EXPERIMENTS

Atts. | Comb. | Alg. | Clusters | Exp.
6 1 2 8 16
5 6 2 8 96
4 15 2 8 240
3 20 2 8 320
2 15 2 8 240

l [ 57 ] l [ 912 ]

Algorithm 1 Clustering experiments
for att =2 to 6 do
attributes <— Combinations(att)
for all comb in attributes do
h < Hopkins(comb)
for all alg in (hclust, kmeans) do
for k =2 to 9 do
¢ < Clustering(comb, alg, k)
sil < Silhouette(c)
ch < CalinskiHarabasz(c)
db + DaviesBouldin(c)
dn < Dunn(c)
b « CountBad(sil)
Result(att, comb, alg, k, h, sil, ch, db, dn, b)
end for
end for
end for
end for

The output of algorithm 1 is a dataset containing 912
clustering results including attributes combination, algorithm,
cluster number, and all the five clustering metrics: Hop-
kins statistic, Silhouette coefficient, Calinski-Harabasz index,
Davies-Bouldin index, Dunn index and finally the number of
wrongly clustered data points.

C. Clustering candidates

During this phase, the objective is to identify the most
promising clustering options. To achieve this goal, we filtered
the clustering results in three steps. The first one is setting
a comparison baseline according to the Silhouette threshold
set to 0.50. The baseline is the clustering result where the
Silhouette index is immediately greater or equal than 0.50 as
shown in the Table V.

TABLE V
CLUSTERING BASELINE
Silhouette (sil) 0.50

Calinski-Harabasz (ch) | 52.38
Davies-Bouldin (db) 0.73
Dunn (dn) 0.10

bad (b) 6.00

In the second step, clustering results are filtered according to
baseline values of the Silhouette coefficient and the number
of misclassified clusters i.e. Silhouette >= sil and wrongly
classified clusters <= b. 16 clustering results satisfy these
conditions.

In the third and final step, in order to ensure a more com-
prehensive evaluation and selection of the optimal clustering
solution, additional conditions are introduced to avoid relying
solely on a single validation index, such as the Silhouette
coefficient. Among the 16 candidates, it is verified whether
at least two other indexes exhibit superior performance com-
pared to the baseline. Specifically, the Calinski-Harabasz and
Dunn indexes are expected to exceed the baseline value for
maximization, while the Davies-Bouldin index is anticipated
to be minimized and thus be lower than the baseline.

TABLE VI
CLUSTERING FINAL CANDIDATES
alg att k sil ch db dn b
hclust POTREP | 2 | 0.53 62.53 0.65 | 0.07 | 5
hclust REPDIV | 2 | 0.61 | 109.64 | 0.58 | 0.15 | 2
hclust REPEVE | 2 | 059 | 4872 | 038 | 0.18 | 5
hclust REPVAR | 2 | 0.58 | 111.25 | 0.65 | 0.05 | 3
hclust REPVAR | 3 | 0.56 | 14791 | 0.63 | 0.06 | 4
hclust USGEVE | 2 | 0.72 37.21 025 | 038 | 1
hclust USG,REP | 2 | 0.58 68.78 0.62 | 0.06 | 4
kmeans | USG,REP | 3 | 0.58 | 116.57 | 0.70 | 0.08 | O
VI. RESULTS

The final outcome presented in Table VI, retains 8 clustering
options. Figure 2 shows that the majority of poems have
a repetition rate spanning from low to moderate. Cluster
2, encompassing nearly 10% of the corpus, presents poems
characterized by a high REP alongside a POT ranging between
low to moderate, i.e., poets use either all available patterns
or approximately half of them. Other poets in the cluster 1
maintain a low repetition rate even when using few patterns.
The sole case when both REP and POT reach their maximum
values is when the poem uses one pattern only.
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Fig. 2. Clustering option 1

Option 2, as shown in Figure 3, exhibits a similar distribu-
tion pattern (107 in cluster 1, 12 in cluster 2) as the option
1. The composition of cluster 2 is nearly identical. The high
repetition in this cluster results in decreased diversity, leading
to a higher likelihood of using the same patterns. The more the
same patterns are repeated, the more the diversity decreases.

2) Repetition - Diversity - hclust(2)

cluster
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DIV
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Fig. 3. Clustering option 2

The options 4 and 5, as shown in Figure 4, maintain almost
the same cluster where repetition is high as in option 1 and 2.
The option 5 shows that variability ranges between low and
medium except some rare data points. In the option 5, most
of poems have medium variability (86 in cluster 1).

Regarding the clustering using the attributes of pattern usage
and repetition, as shown in Figure 5, poems that have a high
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Fig. 4. Clustering options 4 and 5
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Fig. 5. Clustering options 7 and 8

level of pattern usage maintain low repetition. The option 8
splits data in three clusters: 16 in cluster 1, 95 in cluster 2
and 8 in cluster 3. The latter represents the most difficult
compositions in the corpus since poems in this cluster use
few patterns to write many verses while keeping a low level
of variability and repetition.

We performed an inspection of the clustering characteristics
of each option and found that the options 3 and 6 shown in
Figure 6 do not provide a clustering meaning in the context
of metered Arabic poetry. Both involve the evenness attribute.

VII. DISCUSSION

As indicated in the results presented in Table VI, all of the
selected options propose that only two attributes are necessary
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Fig. 6. Clustering options 3 and 6

for clustering the poetry data, in contrast to the initial six
attributes. Among the eight options considered, the metric REP
appears seven times, USG appears three times, VAR and EVE
appear twice, POT and DIV appear once.

In the clusters with highest number of members, the major-
ity of poems exhibit characteristics such as low to moderate
pattern usage USG, moderate to high diversity DIV, low
to moderate repetition REP, and moderate variability VAR.
However, poets who look to distinguish their poems from
the prevailing compositions belong to smaller groups. These
groups demonstrate either a high repetition rate REP (options
1, 2, 4, 5, 7, 8), high pattern usage USG (option 8) or low
variability VAR (option 5). As an example of remarkable
compositions, the two poets Antarah ibn Shaddad and Labid
ibn Rabi’ah achieved a high pattern usage rate in their poems
Almu’allagaat [39], by composing 89 and 88 verses respec-
tively, utilizing a mere 2 patterns out of the available 10 while
maintaining the variability rate to 0 by keeping a consistent
syllabic quantity across all verses.

Given their prominence in the selected clustering options
and their influential role in dividing the data, the metrics
REP, VAR, and USG emerge as the most significant factors
in the clustering of metered Arabic poetry. The nature of
a composition relies then on the poet’s skills in effectively
merging and harmonizing these three metrics, which may
occasionally conflict with one another.

The composition’s direction is contingent upon the poet’s
intended emphasis. The poem’s semantics, encompassing its
message, emotional impact, and imagery, significantly influ-
ence the meter selection. When poets prioritize low vari-
ability, they write verses that maintain consistent syllabic
quantities across the poem, ensuring a uniform rhythmic flow.
Furthermore, by employing a selected set of patterns and
incorporating them into multiple verses, they can achieve a

heightened pattern usage rate. However, if poets opt to avoid
repetitive patterns to introduce structural diversity, compos-
ing with a limited number of patterns becomes challenging.
Varying their placement poses the risk of deviating from the
established meter and potentially altering syllabic quantities,
thereby compromising the goal of low variability.

It is therefore preferable to look at these attributes in pairs
and not all 3 at the the same time. USG with REP or VAR
with REP as obtained in option 5 and 8. These two options
suggest clustering Arabic poetry in 3 clusters. We assume that
by widening the corpus, other clusters may exist. However,
metered poetry, unlike free poetry or prose, is rarely highly
variable. Consequently, by expanding the scope of the study
significantly, we can anticipate the emergence of a number
of clusters ranging from 6 to maximum 9 according to the
possible combinations of the three mentioned attributes. (VAR:
Low, Medium), (REP: Low, Medium, High), (USG: Low,
Medium, High).

VIII. CONCLUSION

The objective of this research is to identify what differenti-
ates the structure of a metered Arabic poem from another. We
conducted clustering analysis of 119 metered Arabic poems,
considering six independent variables: Diversity, Evenness,
Variability, Repetition, Pattern Potential and Pattern Usage.
By exploring all possible combinations of attributes, we used
two distinct algorithms, namely K-means and hclust, while
varying the clustering possibilities from 2 to 9. Throughout the
process, we conducted clustering tests on 912 attribute combi-
nations, progressively measuring and validating the results. We
applied evaluation metrics such as Hopkins statistic, Silhouette
coefficient, Calinski-Harabasz index, Davies-Bouldin index,
Dunn index and checked the number of misclassified points to
refine the selection. This iterative approach allowed to narrow
down the clustering options from 912 options to 16, and
subsequently to 8, by establishing a threshold for clustering
quality. Results show that two attributes are sufficient to
characterize the poetry instead of six. This finding highlights
the potential significance of a reduced set of attributes in
effectively clustering the poetry data.

Regarding the metrics, Repetition, Variability and Pattern
usage metrics are found to be the most significant factors in the
clustering of metered Arabic poetry. Their consistent presence
and notable impact on the clustering process highlight their
importance and suggest their crucial role in capturing the
distinguishing characteristics of the poetry data.

The maximum number of clusters suggested by the result
is 3. However, we formulate the hypothesis that by expanding
the corpus extensively, the number of clusters would converge
to a range between 6 and 9.

As a potential future research, we suggest enlarging the
corpus to validate the hypothesis of number of clusters ranging
between 6 and 9 and go further in studying the link between
Arabic poetry structure and the notions of order, complexity
and aesthetics.
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