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Figure 1: Example of Arabic Poetry visualization.

ABSTRACT

This study explores the potential of visual representation in under-
standing the structural elements of Arabic poetry, a subject of sig-
nificant educational and research interest. Our objective is to make
Arabic poetic works more accessible to readers of both Arabic and
non-Arabic linguistic backgrounds by employing visualization, ex-
ploration, and analytical techniques. We transformed poetry texts
into syllables, identified their metrical structures, segmented verses
into patterns, and then converted these patterns into visual repre-
sentations. Following this, we computed and visualized the dissim-
ilarities between these images, and overlaid their differences. Our
findings suggest that the positional patterns across a poem play a
pivotal role in effective poetry clustering, as demonstrated by our
newly computed metrics. The results of our clustering experiments
showed a marked improvement over previous attempts, thereby pro-
viding new insights into the composition and structure of Arabic
poetry. This study underscored the value of visual representation in
enhancing our understanding of Arabic poetry.

Index Terms: Arabic Poetry, Poetry visualization, Poetry Cluster-
ing

1 INTRODUCTION

Poetic compositions are fundamentally rooted in two aspects: con-
tent and structure. While translation can bridge language gaps and
facilitate content comprehension, it falls short in fully conveying
the original semantics, message, affect, and imagery as intended by
the poet [28]. However, the structure of literary works is universally
comprehensible, making visualization an invaluable tool for explo-
ration and analysis. Information visualization provides a powerful
means to explore and understand literary works. By translating tex-
tual data into a visual format, readers can get insights [23] that may
not be immediately discernible from a cursory reading of the text.
Visualization aids in identifying structure, patterns, and trends [18].
Moreover, it enables the comparison and contrast of different liter-
ary works, highlighting their similarities and differences.

*e-mail: abdelmalek.berkani @unine.ch
fe-mail:adrian.holzer@unine.ch

In the context of Arabic poetry, structure visualization offers two
benefits. Firstly, it provides a visual medium that enables both Ara-
bic and non-Arabic readers to understand the components of poetry
and comprehend the poet’s arrangement. Secondly, it facilitates the
analysis and comparison of various compositions, aiding in the ex-
traction of potential insights, whether the analysis is conducted on
text or graphics. This necessitates an examination of the relation-
ship between the presentation of poems and the resulting insights,
and the impact of appearance on insight outcomes. This research
is a component of a multi-phase project aimed at making Arabic
poetry accessible through visualization, exploration, and analysis
tools. The first phase focused on studying poetic structures. An ini-
tial article addressed meter detection [5], and the second one cen-
tered on analyzing poetic compositions and their structures using
clustering techniques [4]. This research supplements the latter ef-
fort to enhance clustering results. Until now, only textual visual-
izations of the data have been employed. For the current article,
we have chosen graphical visualization to extract insights that were
previously unnoticed.

This article seeks to contribute to this objective by addressing the
following research question:

RQ: How does visualization aid in identifying new features and
enhancing the analysis of classical Arabic poetic structure?

To address this question, this article is structured as follows:
Section 2 gives an overview of metered Arabic poetry, Section 3
presents previous work related to this research, Section 4 details
the research method and approach, Section 5 presents patterns and
dissimilarities visualizations, Section 6 details the clustering exper-
iment, Section 7 summarizes results and insights and finally, Sec-
tion 8 wraps up with a conclusion and an outlook on future work.

2 ARABIC POETRY STRUCTURE

The composition of a poem in metered Arabic poetry is character-
ized by its structure, which is organized into verses. Each verse can
be delineated as a sequence of syllables, forming specific patterns
associated with one or more meters. In metered Arabic poetry, the
verse is divided in two parts or hemstitches. In some rare excep-
tions, the verse does not have a second part.

Syllables. 1In Arabic poetry, there are three types of syllables,
based on the duration of their vocalization. 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 calculate



the weight of any sequence of syllables. A long syllable (L) is twice
as long as a short syllable (S) [2]. The absence of vocalization (A) is
assumed to have no weight. Thus, the syllable quantity is computed
as Q =2ny,+ Ing+0ny. For example the syllable quantity of LSLA
is 5.

Patterns. A pattern denotes a designated sequence of sylla-
bles, such as the pattern fa’ilan, which consists of the four syllables
LSLA. Arabic poetry encompasses a total of 43 unique patterns [5].
The syllable count within these patterns varies from 1 to 6, while
the syllabic quantity spans from 2 to 9.

Meters. The meter is a set of ordered patterns in a verse. In
most poems, the verses adhere to one consistent meter. The occur-
rence of multiple meters within a single poem is uncommon. The
meter is related to an entire verse, and the number of pattern po-
sitions in the verse depends on the meter, ranging from 2 to 8 [5].
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. A vari-
ant 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).

3 RELATED WORK
3.1 Poetry visualization

Various methods for visualizing poetry structures have been ex-
plored in previous work, serving educational, analytical, and artistic
purposes [11]. One such tool, Emily, represents poems through col-
ored lines and bars, focusing on the 19th-century verse-letters and
poetry of Emily Dickinson [17].

A suite of visualization tools proposed by Meneses et al. [20]
assists scholars in conducting critical poetry analysis, synthesizing
and highlighting key poem elements. These tools employ graphic
shapes like squares, circles, and lines in different colors to create
wave-like patterns.

The Poem Viewer [1] is a user-centered design interface for po-
etry visualization, allowing for the display of poetry text and its as-
sociated semantic and phonetic elements. Visualization is achieved
using variously colored circles, rectangles, and lines.

Poemage [19] is an interactive tool for exploring a poem’s sonic
topology. It investigates the role and influence of technology on the
close reading of a poem, representing elements like rhyme types,
alliterations, and anagrams in various shapes and colors.

SPARSAR [12] is an application for poetry analysis and visual-
ization, using variable shapes and colors to visualize 75 of Shake-
speare’s sonnets. It provides three views: Phonetic Relational, Po-
etic Relational, and Semantic Relational, each based on different
features of the poem.

The paper on multi-way poetry visualizations [21] proposes a
scheme to visualize poetry at four levels, with a case study based
on Portuguese poetry.

Poetry Barcode [22] is an application that visualizes a poem’s
structure, including verb usage, emotional tone, alliterations, adjec-
tives, and word length. The case study focused on the collection of
Turkish poet Nazim Hikmet Ran.

Soliloquy [24] is an interface that visualizes expert thoughts dur-
ing poem reading and interpretation, aiming to provide insight into
its design and potential learning impact.

3.2 Poetry clustering

Some researchers have investigated unsupervised machine learn-
ing classification techniques when the categories of poems are un-
known. For instance, a study utilized a series of unsupervised clas-
sifications based on abstracted semantic features of poems to gain

insights into the relationships between poetry structure and text
meaning [26]. This research provided formal evidence of the as-
sociation between poetic meter and semantics in 18th and 19th cen-
tury European literature, using collections from Czech, German,
and Russian poetry, with additional data from English poetry and
early modern Dutch songs.

A recent paper suggests a clustering approach for mining emo-
tional patterns in Romanian poetry using lexicon-based emotion
features [16]. That study employs a hierarchical clustering algo-
rithm that yields 50 clusters, which are validated by a Silhouette
Index of 0.79.

Another study [7] used a clustering approach for mining T.S.
Eliot’s poem “The Waste Land” using a slightly modified version
of the K-means algorithm and achieved better results than baseline
approaches.

Another study analyzed a collection of American poems and
computed weighted metrics based on orthographic, syntactic, and
phonetic features [14]. The findings show that these features are
better suited for comparing poetry styles than traditional word-
occurrence features.

In our first poetry clustering attempt [4] we explored the unique
characteristics of metered Arabic poetry to allow for comparative
poetry structures. The study conducted a clustering method based
on six poem metrics (Diversity, Evenness, Variability, Repetition,
Pattern Potential, and Pattern Usage) using two different algo-
rithms. The findings reveal that Repetition, Variability, and Pattern
Usage are the most significant metrics, and only two attributes are
needed to characterize the poetry, instead of six.

This literature review shows that researchers have used various
techniques to analyze poems using mainly textual features. Fur-
thermore, the literature underscores a prevalent tendency where
research in this field predominantly revolves around English and
other languages, leaving Arabic—a widely spoken global lan-
guage—Ilargely unexplored, particularly in the domain of poetry.
This study aims to bridge this gap and contribute to the enhance-
ment of natural language processing techniques through the explo-
ration of Arabic poetry. To the best of our knowledge, this paper
represents a rare attempt to visually and analytically explore the
intricate composition of metered Arabic poetry.

4 MATERIALS AND METHODS

The approach adopted in this article generally focused on five main
areas: data preparation, data processing, visualization, analysis, and
evaluation as shown in Figure 2.

A selection of 104 poems was drawn from the poetry corpus [3],
which was previously utilized by Berkani et al. [5]. The corpus
comprises works from 65 different poets and encompasses 26 dis-
tinct meter variants. The poems belong to various historical periods
extending from pre-Islamic times to the present.

For each poem, the raw poetry text is converted into syllable se-
quences using the AMIS system [5], which detects the meter and
outputs the patterns that compose each verse. Table 1 illustrates an
example of a poem’s structure with 4 patterns. This structure is par-
ticularly utilized after converting the patterns into their respective
syllabic quantities, ensuring numerical values that are optimal for
analysis and experimentation.

For visualization, analysis, and evaluation purposes, and in or-
der to have comparable poem dimensions, we supplemented the po-
ems’ data with dummy syllables according to the maximum syllabic
quantity per verse of 48, as found in the meter detection dataset [3].
As a result, all poems are structured in 8 columns, which is the
maximum number of possible patterns.

Two visualization options were employed. The first option in-
volved visualizing the patterns with their distinct colors. The sec-
ond option utilized shared colors based on the syllabic quantity with
varying opacity. Differences between images are computed in or-
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Figure 2: Research approach overview

der to overlay dissimilarities on one of the compared images. This
allowed for the analysis of dissimilarities and the observation of
potential insights that led to the computation of new metrics and
conducting a clustering experiment for evaluation and for effective-
ness of the clustering results.

All data used in this article are publicly available [3]. All Python
code used for image processing will also be published at the same
location.

Table 1: Example of a poem’s metrical structure represented as pat-
terns

P1 P2 | P3 | P4 Ps Pe | P7 | P8
LSLL | LSL LSLL | SSL
LSLL | LSL LSLL | SSL
SSLL | LSL LSLL | SSL
LSLL | SSL LSLL | LSL

5 VISUALIZATION

Given the difference in the number of verses per poem and to ensure
uniform height for all poems converted to PNG format (Portable
Network Graphics), only the first 10 verses of each poem were used
for visualization.

Patterns are represented by colored rectangles whose lengths
correspond to their respective syllabic quantities. The difference
between the verse’s syllabic quantity and the maximum width is
shown as white rectangles to the right of each verse, as illustrated

in Figures 1, 3, 4, 5, 6.

Although the Arabic language is written from right to left, the
patterns are represented from left to right to make the reading of
structures more accessible.

5.1 Patterns with distinct colors

In this visualization, each pattern is assigned its own color as shown
in the example of Figure 3. The sole criterion guiding the color se-
lection in this visualization is the imperative to visually differentiate
one pattern from another [27].

Figure 3: Distinct colors option: Umru al-Qays, Al-Mu’allaqah,
At-Tawil C. (poet, poem, meter).

5.2 Patterns with shared colors

In this visualization, as shown in Figure 4, color selection is deter-
mined by the syllabic quantity. A unique root color is assigned
to each syllabic quantity, and patterns sharing the same syllabic
quantity are given colors with reduced opacity, distributed linearly
among the patterns. The “viridis” color palette [13] was used for its
ability to provide perceptual uniformity, ensuring that changes in
data are represented uniformly by changes in color intensity. Ad-
ditionally, this palette enhances accessibility for individuals with
color vision deficiencies.

Figure 4: Shared colors option: Umru al-Qays, Al-Mu’allagah, At-
Tawil C. (poet, poem, meter).

5.3 Dissimilarities

To highlight differences and to quantify the disparities between
pairs of images in both structure and color, a balanced dissimilar-
ity approach is used to capture global and perceptual differences.
Visualization masks are computed to indicate the regions of sig-
nificant change, assisting in the interpretation and analysis of the
differences between a pair of images. Both histogram and SSIM
(Structural Similarity Index Measure) metrics are employed in the
mask calculation process.

Histogram. Histogram Similarity measures the distribution of
pixel intensities in an image [6]. Comparing the histograms of two
images can reveal differences in color distribution, which may indi-
cate changes in the scene or variations in image capture conditions.
This metric is sensitive to global changes in color and intensity dis-
tribution, making it suitable for detecting significant variations in
the overall appearance between two images.

The histogram mask highlights specific regions where the color
or intensity differs significantly between the images. A pixel-wise
mask is generated by computing the absolute difference between
the two images and applying a threshold, marking pixels with dif-
ferences greater than the threshold.



SSIM. This measure is a perceptual metric that considers
changes in structural information, luminance, and contrast [29].
SSIM is calculated between the grayscale versions of the images,
and the SSIM score is inverted to express dissimilarity. SSIM fo-
cuses on structural changes that are more relevant to human visual
perception, making it a robust measure for detecting perceptible
differences.

The SSIM mask highlights regions where structural changes are
significant. It is generated from the SSIM difference map by mark-
ing pixels where the SSIM index is below a certain threshold. By
focusing on structural dissimilarities, this mask complements the
histogram mask, offering a different perspective on image differ-
ences that are more aligned with human visual perception.

Highlighting differences. A white and a contrasted hatching
pattern with specific spacing and thickness is used to overlay the
areas of difference between the images. Each mask, which identi-
fies the regions of change, is converted to a 3-channel BGR (Blue,
Green, Red) image if necessary. A temporary image is created by
applying the hatched pattern to the designated areas, and this is
then blended with a copy of the original image, preserving its de-
tails while highlighting the differences. This approach can accom-
modate multiple masks, highlighting diverse types of differences
within a single image.

Poem 1: Al-A’sha, Al-Mu’allagah, Al-Basit C. (poet, poem, meter).

Poem 2: ’Antarah ibn Shaddad, Al-Mu’allagah, Al-Kamil C., (poet, poem, meter).

Highlighted differences on poem 1

Highlighted differences on poem 2

Figure 5: Example of dissimilarities between two poetry composi-
tions where each pattern has its distinct color.

6 EXPERIMENT

When visualizing the results of image dissimilarities, we observed
that differences are highlighted not only when patterns change but
also when their positions change completely or partially. In Ara-
bic poetry, the presence of dissimilarity is a constant, regardless of
whether the poems being compared follow the same meter. How-
ever, in a few exceptional instances, the dissimilarity disappears

Poem 1: Al-A’sha, Al-Mu’allagah, Al-Basit C., (poet, poem, meter).

Poem 2: ’Antarah ibn Shaddad, Al-Mu’allagah, Al-Kamil C., (poet, poem, meter).

Highlighted differences on poem 1

Highlighted differences on poem 2

Figure 6: Example of dissimilarities between two poetry composi-
tions with sharing patterns colors.

when the compared poems employ identical patterns at the same
positions.

We computed five new metrics related to the distribution of pat-
terns across the poem to determine if clustering results using these
new metrics outperform results obtained in a prior research [4]. The
experiment was conducted on the same data using the same number
of clusters as in the previous study.

In the context of metered Arabic poetry, the columns correspond
to the 8 positions of the patterns. The rows correspond to the verses.

Distribution across columns. This metric represents the av-
erage quantity per column. It is computed by dividing the total
syllabic quantity by the number of columns. This gives an indica-
tion of how much quantity, on average, is distributed across each
column.

_ Orotal

cols —
N, cols

QOiotal - Total syllabic quantity of the poem.

D,
ey

Ncois : Number of columns.

Distribution across rows. This metric represents the average
quantity per row. It is computed by dividing the total syllabic quan-
tity by the number of rows. This gives an indication of how much
quantity, on average, is distributed across each row.

Qtotal

Nrows

QOiotal - Total syllabic quantity of the poem.

Drows =
2
Nrows : Number of rows.

Distribution across cells. This metric represents the average
quantity per cell. It is computed by dividing the total syllabic quan-
tity by the total number of cells. This gives an indication of how



much quantity, on average, is distributed across each cell in the
poem’s data.

Deells = &
Nrows X Neols
Oiotal - Total syllabic quantity of the poem. 3)

Nrows : Number of rows.
Ncols : Number of columns.

Positions across columns. This metric represents the mean
of the column position ratios that are computed as the sum of each
column divided by the difference between the number of rows and
the sum of that column. The mean of these ratios provides an aver-
age measure of how the quantities are positioned across the columns
relative to the number of rows.

Neols .
P 1 3 Qcol,]
cols =
Neols j=1 Qcol,j — Nrows + €

Neols : Number of columns. 4)
Qcol,j : Sum of syllabic quantities in the j-th column.

€ : Small positive number to prevent division by zero.

Positions across rows. This metric represents the mean of
the row position ratios that are computed as the sum of each row
divided by the difference between the number of columns and the
sum of that row. The mean of these ratios provides an average mea-
sure of how the quantities are positioned across the rows relative to
the number of columns.

Nrows
1 Qrow,i
Prows =
Nrows i=1 Qrow,i - Ncols +€
Nrows : Number of rows. (5)

Orow,i : Sum of syllabic quantities in the i-th row.

€ : Small positive number to prevent division by zero.

6.1 Clustering

Selecting the optimal set of features for clustering is crucial for
achieving meaningful clusters. The quality of clustering results
heavily depends on the chosen features, as irrelevant or redundant
features can obscure the underlying structure in the data, leading
to poor clustering performance. In this approach, we employ a
systematic method to identify, among the 5 metrics (D¢ols, Drows,
Decelts> Peolss Prows), the best metrics combination that give the best
performance.

We start by iterating through all possible combinations of fea-
tures. Each subset of features is standardized to ensure that all
features contribute equally to the clustering process, mitigating the
effects of varying scales among features.

For each combination of features, K-means clustering algorithm
is performed. The number of clusters is set to 3 in order to com-
pare with result found by the article [4]. The clustering process is
repeated 10 times to ensure stability and reliability of the results.

6.2 Evaluation

The clustering performance of each feature combination is evalu-
ated using three metrics. Silhouette coefficient [25] to measure how
similar an object is to its own cluster compared to other clusters.
A higher Silhouette score indicates better-defined clusters. Rang-
ing 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 neighboring
clusters. Conversely, a negative value suggests that the data point
may have been wrongly assigned to an incorrect cluster. According

to [9] and [15], when the Silhouette coefficient exceeds the thresh-
old of 0.50, it indicates a good clustering quality. A value surpass-
ing 0.70 provides strong evidence of excellent clustering quality.
Davies-Bouldin index [10] evaluates the average similarity ratio of
each cluster with respect to all other clusters. It theoretically ranges
from O to infinity and should be minimized. Lower values signify
better clustering performance. Calinski-Harabasz index [8] also
known as the Variance Ratio Criterion considers the ratio of the sum
of between-cluster dispersion to within-cluster dispersion. This in-
dex ranges from O to infinity and should be maximized. Higher
values indicate better-defined clusters.

The best features combinations is the one that yields the highest
Silhouette score, the lowest Davies-Bouldin score and the highest
Calinski-Harabasz score.

The evaluation metrics process shows that the features combina-
tions that contains the single metric ”Positions across columns” is
the best one for clustering poems data. Clustering scores obtained
through this approach surpass those from previous attempts at clus-
tering Arabic poetry compositions [4] as shown in Table 2.

Table 2: Comparison of clustering scores using ‘Positions across
columns’ metric with past values.

Score Found value | Past value
Silhouette 0.88 0.58
Davies-Bouldin 0.19 0.70
Calinski-Harabasz 1225.20 116.57

The increase of Silhouette coefficient from 0.58 to 0.88 suggests
a significant improvement in cluster cohesion and separation. This
indicates that the new clustering approach has created more distinct
and well-defined clusters compared to the previous results. The
decrease of Davies-Bouldin Index from 0.70 to 0.19 implies a sub-
stantial improvement in clustering quality. It means that the clusters
are more compact and well-separated. The increase of Calinski-
Harabasz Index from 116.57 to 1225.20 suggests a significant en-
hancement in the clustering structure. This indicates that the new
clustering results have a much better separation between clusters
and less variance within clusters.

7 RESULTS AND DISCUSSION
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Figure 7: Clustering of Arabic poems by positions across columns



The 104 poems are divided into three clusters containing 35, 46,
and 23 members, respectively as shown in Figure 7.

The cluster with 35 members includes all poems that employ
meters with patterns arranged in 2, 3, or 4 positions. Additionally, it
encompasses poems with meters of 6 positions where patterns have
lower syllabic quantities. On the left in Figure 7, we observe four
poems that are quite distant from the other poems in their cluster.
These poems use rare meters in which all patterns occur in the first
part of the verse, consequently reducing their respective syllabic
quantities. Hence, this cluster represents poems with a low syllabic
composition, averaging around 25 syllables per verse. This falls
within the lower range of Arabic poetry’s syllabic quantity, which
varies between 10 and 48 syllables per verse [5].

The cluster with 46 members encompasses poems using meters
with 6 positions. It also includes poems with meters of 8 posi-
tions having patterns with lower syllabic quantities. This cluster
represents poems with a medium syllabic composition, averaging
approximately 36 syllables per verse, placing it in the mid-range of
the syllabic quantity spectrum.

The cluster with 23 members includes poems that use meters
with 8 positions. This cluster signifies poems with higher syllabic
compositions, averaging around 44 syllables per verse, which is
close to the upper limit of the syllabic quantity range in Arabic
poetry.

In the rare instances where a poem utilizes more than one me-
ter, it is classified based on the dominant meter within the poem,
determined by the number of verses adhering to that meter.

Standardizing all poems to 8 positions and filling with dummy
syllables to reach a maximum syllabic quantity of 48 per verse has
enabled the comparison of all poems, even when their meters dif-
fer in the number of pattern positions. Thus, the empty positions
in poems that do not have all 8 positions filled provide important
information, just as the filled positions do. This standardization
allows for a consistent framework in which the structural charac-
teristics of each poem can be analyzed and compared, highlighting
both the presence and absence of poetry elements across different
compositions.

8 CONCLUSION

This research has made three significant contributions. First, it
demonstrated the capability of visualization to alert analysts of
Arabic poetry to the existence of insights that warrant exploration
through new metrics. By leveraging visual representations, we can
uncover previously unseen insights and foster a more interactive
and dynamic approach to studying and appreciating Arabic poetry.
Second, the study found that the metric related to pattern positions
across columns is a significant feature for clustering poetry com-
positions and highlighting the degree of similarity or dissimilarity
among poetic structures. Finally, the creation and availability of a
corpus of Arabic poetry in the form of images encourage the visual
exploration of poetic compositions. This study addressed the re-
search question and contributed to facilitating an understanding of
the intricate patterns inherent in Arabic poetry.

In future research, we plan to investigate the role of struc-
tural Arabic poetry visualization in education through user stud-
ies. These studies will assess the usefulness of visualizations in
enhancing understanding of poetic structures and gaining insights
into various aspects of poem compositions. Potential areas of ex-
ploration include tracking the evolution of stylistic trends in poems
sharing the same meter over time, exploring authorship recognition
based on structural compositions, and investigating various struc-
tural metrics. Another area of investigation involves examining the
connection between poetic structure and semantics by exploring the
relationship between the choice of meter and the message conveyed
by the poet.
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