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Abstract. This article describes various Automatic Text Analysis tasks applying Natural Language 
Processing techniques on a corpus of Latin texts from the 1st century BC and 1st century AD. The 
motivation behind this work is to delve into and understand a historical literary trend revolving around 
the themes of love, spanning from antiquity through to the medieval period. The analyzed authors 
include Gaius Valerius Catullus, Albius Tibullus, and Sextus Propertius, who represent the literary 
movement of the neoterics, as a group of poets to be identified, and Publius Vergilius Maro and Marcus 
Annaeus Lucanus, epic poets with remarkably distinct styles, as control samples. The purpose of this 
preliminary and exploratory study is to investigate the potential and best features for document 
clustering. The clustering tasks were carried out using fixed ranges of character n-grams and word 
n-grams. For the clustering tasks, the K-Means method and the Silhouette Index were used for 
determining the optimal cluster sizes. Using optimal clusters as labels, decision trees were trained for 
each range of n-grams, aiming to identify features with the highest Information Gain and Information 
Gain Ratio. The trees were trained based on the criterion of Entropy, and calculations of Feature 
Importance were performed. Results show variations based on text preprocessing techniques: simple 
filtering of stopwords in the corpus yields better Silhouette scores, with one or two features showing 
potential classification value for the decision trees. The application of TF-IDF weighting results in 
Silhouette indices closer to zero, albeit with a more balanced distribution of Importance among 
different features. 
 
Keywords: Latin Elegiac Poets, Document Clustering, K Means, Silhouette Coefficient, Decision 
Trees, Feature Importance, Information Gain Ratio. 
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1​ Introduction 

This study builds upon issues previously addressed in individual bachelor's and 
master's thesis works [19] considerations made by C. S. Lewis [12] on the influence 
of Courtly love and Occitan literature on the love imaginary of the 20th century. It 
was timely noted that there were some remarkable similarities between love themes, 
the treatment of the beloved, and certain terms derived from the political and military 
fields in erotic poems, both in Occitan and Latin literature of the 1st century BC. The 
overarching framework of this doctoral thesis is centered on attempting to identify 
textual patterns that could shed light on a potential  literary tradition of love themes 
originating in antiquity and culminating in the development of the imagery of the 
"Religion of Love" by medieval Occitan poets. To narrow down the analysis corpus 
and circumvent the challenges inherent in working with vernacular languages, the 
research focused on texts from the Latin literary tradition. The comparative approach 
will be conducted by combining traditional close reading techniques with the 
capabilities of distant reading tools provided by computational methods [16, 23]. In 
the initial stages of the research, various document clustering techniques are being 
analyzed to uncover features that allow profiling and identifying poetry with love 
themes. For this specific article, various clustering techniques were evaluated to 
differentiate elegiac poems from other types of Latin poetry and to discover lexical 
features that could prove useful in document classification tasks. This study 
contributes to the field by testing the efficacy of clustering algorithms on a specific 
corpus of Latin poetry.  

2​ State of the Art 

In the field of ancient text studies, several authors have applied clustering techniques 
to ancient texts, including Bracco et al. [2] worked on the automatic detection of 
literary genres in cuneiform texts using the K-means algorithm to group texts based 
on grammatical, graphemic, and other stylistic features. Regarding specifically Latin 
texts, Martins et al. [14] used the k-Nearest Neighbors (k-NN) approach in a 
multi-author classification task of the Historia Augusta. Cantaluppi and Passarotti [5] 
conducted an in-depth investigation of the corpus of Seneca's opera omnia using 
hierarchical cluster analysis and latent semantic analysis, comparing it with the 
corpora of Cicero's orationes, Jerome's Latin New Testament (Vulgata), and Thomas 
Aquinas's opera maiora. The authors demonstrated that a lexical-based approach is 
successful in classifying texts across different authors, genres, and eras. About the 
authors studied in this work, B. Nagy [18] used clustering and multivariate analysis to 
examine the conscious use of rhyme in twelve classical Latin poets (including 
Catullus, Propertius, and Tibullus), identifying stylistic differences between genres 
and authors. Forstall et al. [8, 9] have compared lexical and rhythmic characteristics at 
the level of character and word n-grams with other poets from the 1st century BC and 
later.  

 

https://www.zotero.org/google-docs/?iyVltA
https://www.zotero.org/google-docs/?AyuVQU
https://www.zotero.org/google-docs/?9z6sCJ
https://www.zotero.org/google-docs/?NZDbqY
https://www.zotero.org/google-docs/?fTKJKd
https://www.zotero.org/google-docs/?Qiphzi
https://www.zotero.org/google-docs/?AVWCvm
https://www.zotero.org/google-docs/?tlr9lW
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3​ Problem Definition and Contributions 

The primary aim of this work was to explore clustering techniques capable of 
distinguishing elegiac poems from other types of poetry and to determine which 
lexical characteristics might be useful in document classification tasks. The K-means 
algorithm [13] was selected for this purpose, and the optimal number of clusters was 
evaluated using the Silhouette Index [24], which evaluates the cohesion of each 
grouping and its distinctiveness from the other clusters. Given that the K-means 
method is based on Euclidean distance and, apart from identifying the points or 
documents closest to the centroid, does not allow for the extraction of detailed 
information about the features of the documents that comprise each cluster, it was 
decided to complement this approach with decision trees[22]. This combination 
allowed for the indirect extraction of the features. In this way, an effort was made to 
obtain the features with the greatest classification potential indirectly using the 
metrics of importance, information gain, and information gain ratio [26]. 

4​ Research Methodology and Approach 

4.1​ Analysis Corpus and Used Editions 

The working corpus includes the complete works of Gaius Valerius Catullus [15], 
Albius Tibullus [21], and Sextus Propertius [17] as the authors of love-themed poetry 
whose particular characteristics are sought to be identified. The various cantos from 
the epic poems Aeneid by Publius Vergilius Maro [10] and Pharsalia by Marcus 
Annaeus Lucanus [28] were used as control samples since their themes focus on 
political, historical, and martial matters. The analysis of the works of five Latin 
authors reveals differences in their use of words and verse structure. Catullus, with a 
total of 2,289 verses2and 12,887 words, has an average of 110.15 words per poem and 
5,821 unique words. Tibullus wrote 1,930 verses and 12,705 words, with a rather high 
average of 343.38 words per poem and 5,328 unique words. Propertius, with 4,008 
verses and 25,320 words, maintains an average of 241.14 words per poem and a 
repertoire of 9,021 unique words. Lucan stands out with 8,061 verses and 51,065 
words, with an average of 5,106.50 words per canto and 14,766 unique words. 
Finally, Virgil leads in volume with 9,896 verses and 63,719 words, and an average of 
5,309.92 words per canto, in addition to the widest variety of unique words, totaling 
16,619. 

To construct the analysis corpus, resources from the Perseus Project digital 
library [6, 29] at the Department of Classics at Tufts University were utilized. The 

2 In the Merrill edition of Catullus, the canonical total of 2296 verses is proposed by 
the editor, who notably includes 7 missing verses (vv. 79-82 and 112-114) in Carmen 
61. I would also like to express my gratitude to Professor Benjamin Nagy of the 
Institute of Polish Language, Polish Academy of Sciences (IJP PAN), Kraków, 
Poland, for his invaluable advice and assistance in correcting the verse count in line 
with the authoritative editions of the studied authors. His expertise greatly contributed 
to ensuring accuracy in this text mining endeavor. 

 

https://www.zotero.org/google-docs/?3fPaK1
https://www.zotero.org/google-docs/?aFlguD
https://www.zotero.org/google-docs/?3Nktox
https://www.zotero.org/google-docs/?y8k6Bc
https://www.zotero.org/google-docs/?F8rQ12
https://www.zotero.org/google-docs/?92SU2I
https://www.zotero.org/google-docs/?GdBFUW
https://www.zotero.org/google-docs/?tVOuCF
https://www.zotero.org/google-docs/?O8uPGO
https://www.zotero.org/google-docs/?rdOjc9
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library also houses 2,412 works in 3,192 editions and translations (1,639 in Greek and 
636 in Latin) and 69.7 million words: 32.1 million in Greek, 16.3 million in Latin, 
and the remainder in English translations and sources in other languages. The texts are 
carefully curated by specialists, and shared under a CC BY SA 3.0 (US) license, with 
the texts being available in XML format for download. Additionally, the project offers 
additional resources, including a model for grammatical tagging or Parts of Speech 
Tagging (PoS Tagging) and stopwords for Latin. The poems that constitute the corpus 
were harvested for previous Automatic Text Analysis tasks through web scraping 
procedures. The software used for performing the scraping was R. On the other hand, 
for the text analysis and mining, particular libraries of Python were used. R was 
utilized as the software for the scraping, while Python libraries were employed for 
text analysis and mining purposes. 

In this study, we explored the characteristics of n-grams at different levels, 
including character n-grams (ranging from 2 to 7) and word n-grams (from 1 to 5). 
For our analysis, we employed the traditional Bag of Words (BOW)[25] method. We 
generated three types of matrices: the first matrix was created using Scikit-learn’s 
module CountVectorizer, which tallies the frequency of simple terms and enables 
filtering common words or 'stopwords'. The second matrix used the TF-IDF (Term 
Frequency-Inverse Document Frequency) [27]  weighting technique, which highlights 
important words by weighing their frequency relative to their rarity across the entire 
dataset. Finally, the third matrix combined TF-IDF weighting with 'stopwords' 
filtering, providing a more refined approach by excluding less significant terms while 
highlighting the importance of the remaining terms. 

The difference between a matrix generated with CountVectorizer and one 
with TF-IDF is that the former simply counts the frequency of each word's occurrence 
in the documents, resulting in a direct numerical representation of the terms, whereas 
the latter considers not only the frequency of words but also their relative importance 
across the document set. TF-IDF weights common words that appear in many 
documents so that they have less impact, highlighting terms that are more unique to 
each document and therefore, potentially more significant for analysis. 

 

 

https://www.zotero.org/google-docs/?oGPTTp
https://www.zotero.org/google-docs/?AegYkF
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4.2​ Text Preprocessing Tasks  

Before proceeding with the text analysis, cleaning and text preprocessing tasks were 
carried out. Consecutive empty lines and combinations of new lines and spaces in 
different sequences ("\n \n\n\n' and variants) that did not provide information were 
removed, as they were the remnants of scraping tasks. Furthermore, signs often used 
by editors   to denote illegible gaps in the original codices (“†”) were also removed 
due to the problems these signs caused. Spanish double (“”) and single (‘’) quotation 
marks were replaced with English ones ("", '') to ensure compatibility with tools 
developed for English, thus preventing potential processing errors. 

For working with character n-grams, punctuation marks were removed since 
they are an addition by the editors of the ancient texts and it is not possible to 
ascertain the original punctuation of the authors, given that modern punctuation did 
not exist in the 1st century BC. 

Regarding stopwords, the package designed for Latin from Stopwords ISO 
[31], a project compiling a collection of stopwords in various languages, was used. 
The interest in using these particular stopwords over others like the Perseus Project 
[30] was motivated by the fact that they do not remove some words previously 
identified as important within the elegiac style, such as ego, thus allowing for the 
exploration of the prevalence of personal pronouns among the most significant 
features of the documents, a phenomenon already noted in previous works [19, 20]. 

  

5​ Evaluation: Silhouette and Optimal Number of Clusters 

5.1​ Clustering with K Means and Silhouette Index 

To conduct document clustering, the K-means method was used, enabling the 
partitioning of a dataset consisting of n observations into K different groups based on 
feature similarity. One of the limitations of the algorithm lies in its prerequisite 
knowledge of the number of K groups which the corpus will be distributed into. To 
reduce/mitigate bias in determining the K groups, the Silhouette calculation was used 
as it allows evaluating two important parameters: firstly, the cohesion within each 
cluster, i.e., the average distance of all the points that make it up among themselves, 
and secondly, the separation between the different clusters according to the distance of 
one point to all other points in the nearest cluster. The optimal k for clusters was 
determined by testing a range from 2 to 20 clusters and the k groups exhibiting the 
best coefficient were selected. 
 
5.2​ Character N-grams and Word N-grams 

Tests were conducted utilizing different fixed ranges of character n-grams (from 2 to 
7) and word n-grams (from 1 to 5). For each of these ranges, the Silhouette coefficient 
was calculated for k groups ranging from 2 to 20. This endeavor aimed to discern the 
optimal range of character and word n-grams for clustering tasks. The goal was to 

 

https://www.zotero.org/google-docs/?CJIeRD
https://www.zotero.org/google-docs/?p63qki
https://www.zotero.org/google-docs/?nq20ZN
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find not only the best k for clusters but also the most effective n-gram ranges for 
optimizing the grouping process. 
 
5.3​ TF-IDF Weighting 
 
Term Frequency-Inverse Document Frequency (TF-IDF) [27] a statistical technique, 
was used to evaluate the importance of a word in a document relative to a collection 
of documents or corpus. This technique weights a term's frequency of appearance in a 
specific document relative to the total number of terms in the document and the term's 
significance across the entire corpus. The calculation within the corpus helps to 
mitigate the impact of terms ubiquitous across multiple documents and are therefore 
not useful for classification tasks. 

 
5.4​ Decision Trees and Key Corpus Features 

With data labeled by clusters, decision trees were trained using the entropy criterion 
to analyze the importance of different features across various n-gram levels. The 
importance of features was calculated, and additionally, Information Gain (IG) and 
Information Gain Ratio (IGR) were determined. 

The importance of a feature reflects the extent to which that specific feature 
contributes to the improvement of the model's predictive capacity, based on its 
efficacy to help reduce impurity or disorder in the data set. Entropy measures the 
impurity or disorder in a dataset, calculated as the sum of the products of the 
probabilities of the labels and their logarithms. Information Gain is obtained by 
reducing the total entropy with the entropy weighted by the presence or absence of 
each feature. The Information Gain Ratio (IGR) is calculated on the entropy of the 
labels corresponding to each feature where the feature is present, obtaining the 
information gain by subtracting the feature's entropy from the total entropy. 

6​ Preliminary or Intermediate Results 

Regarding the calculation of the optimal number of clusters, there were no major 
differences between using the two types of stopwords. It should be noted that a better 
performance in terms of the Silhouette index was observed when using the frequency 
matrix and simple stopwords filtering (CountVectorizer with Stopwords). The matrix 
resulting from the TF-IDF weighting shows Silhouette scores close to zero, indicating 
inadequate cluster separation and potential overlap.. In the case of 5-character 
n-grams, the negative value even suggests the likelihood of misassigned elements in 
the clusters (Table 1).  

Table 1.  Optimal clusters and corresponding Silhouette values for different ranges of n-grams. 

 

Optimal Clusters (Stopwords ISO) 

N-gram Type CountVec with Stopwords: Clusters Score TF-IDF: Clusters Score 

 

https://www.zotero.org/google-docs/?Hty1R7
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Char 2-grams 2 0.94 2 0.16 
Char 3-grams 2 0.91 2 0.12 

Char 4-grams 2 0.88 2 0.029 

Char 5-grams 2 0.81 17 -0.00026 

Char 6-grams 3 0.76 14 0.004 

Char 7-grams 2 0.72 16 0.0025 

Word 1-grams 3 0.77 3 0.012 
Word 2-grams 2 0.704 17 0.0013 

Word 3-grams 2 0.69 15 0.0075 

Word 4-grams 2 0.69 17 0.0076 

Word 5-grams 2 0.69 19 0.0074 
 
Regarding the features deemed most crucial for classifying different types of clusters, 
the results obtained may suggest that it might be necessary to reevaluate the 
methodology and resources used. Although the Silhouette scores were high using the 
frequency matrix, when calculating the different metrics to evaluate the importance of 
the features, a very uneven distribution appears (Tables 2 and 3). In almost all cases, 
one or two attributes concentrate all the importance. Applying the TF-IDF technique, 
on the other hand, while the Silhouette scores had been close to zero, a greater 
number of features contributing information for the classification task can be 
observed (Tables 4 and 5). 

Table 2. Most important features at the level of character n-grams according to Importance, 
Information Gain, Information Gain Ratio using the frequency matrix method and Stopwords 

filtering. Source: author’s own work. 

CountVectorizer with Stopwords. Char n-grams (2,2) 

Feature Importance Feature IG Feature IGR 

"a " 1 "gm" 0.206 "dh" 0.503 
"us" 0 "dh" 0.1928 "gm" 0.4631 
"ep" 0 "ze" 0.178 "dg" 0.4498 
"ea" 0 "rh" 0.1738 " x" 0.4182 
"eb" 0 "dv" 0.1686 "ae" 0.4182 
"ec" 0 "yc" 0.166 "oï" 0.402 
"ed" 0 "df" 0.1651 "sn" 0.392 
"ee" 0 "lm" 0.1636 "ze" 0.39 
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"ef" 0 "ya" 0.1614 "mf" 0.3883 
"eg" 0 "uq" 0.1614 "gg" 0.3873 

Table 3. Most important features at the level of word n-grams according to Importance, 
Information Gain, Information Gain Ratio using the frequency matrix method and Stopwords 

filtering. Source: author’s own work. 

CountVectorizer with Stopwords. Word n-grams (1,1) 

Feature Importance Feature IG Feature IGR 

"iam" 0.8358 "fatis" 0.2599 "mundo" 0.6931 
"omnipotens" 0.1642 "late" 0.2397 "bellorum" 0.6931 

"flava" 0 "hos" 0.2285 "aeneas" 0.6931 
"flammigeros" 0 "fatur" 0.2174 "teucrum" 0.6931 

"flammis" 0 "metu" 0.2151 "divom" 0.6418 
"flammisque" 0 "iamque" 0.2151 "teucros" 0.6418 

"flamma" 0 "cursu" 0.2144 "civile" 0.6366 
"flare" 0 "haud" 0.2127 "coelo" 0.6366 

"flatibus" 0 "urbem" 0.2089 "caussa" 0.6366 
"flatu" 0 "vires" 0.2082 "nocentes" 0.6366 

Table 4. Most important features at the level of character n-grams ranked by Importance, 
Information Gain, Information Gain Ratio using the TF-IDF matrix method. Source: author’s 

own work. 

TF-IDF. Char n-grams (2,2) 

Feature Importance Feature IG Feature IGR 

"a " 0.4611 "rm" 0.2306 bh" 0.3652 
"s " 0.1504 "fu" 0.2019 "rm" 0.2311 
"ri" 0.0608 " t" 0.1904 "ta" 0.2306 
" e" 0.0456 "fo" 0.1802 "ct" 0.229 
"xi" 0.0441 "ct" 0.1801 "fu" 0.2231 
"st" 0.0432 "aq" 0.179 "co" 0.2224 
"lu" 0.0419 " e" 0.1786 "to" 0.2215 
"or" 0.0374 "go" 0.1738 "ro" 0.2079 
"m " 0.0338 "ph" 0.1729 " e" 0.203 
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"mu" 0.0243 "rb" 0.1723 "no" 0.2018 

Table 5. Most important features at the level of character n-grams according to Importance, 
Information Gain, Information Gain Ratio using the TF-IDF matrix method. Source: author’s 

own work. 

 

TF-IDF. Word n-grams (1,1) 

Feature Importance Feature IG Feature IGR 

"et" 0.4448 "hic" 0.1912 "spes" 0.3198 
"opus" 0.1748 "ab" 0.1818 "belli" 0.3042 
"ille" 0.0894 "signa" 0.1744 "acies" 0.299 
"per" 0.0797 "manus" 0.1736 "labor" 0.2938 

"liquor" 0.0476 "per" 0.1698 "fatis" 0.2938 
"turpis" 0.0433 "ad" 0.1637 "marte" 0.2886 
"iam" 0.0407 "arma" 0.1586 "late" 0.2886 

"altera" 0.0322 "tellus" 0.1548 "tellus" 0.2855 
"fugaci" 0.0269 "ubi" 0.1526 "gentis" 0.2834 
"classe" 0.0207 "spes" 0.1496 "iuventus" 0.2834 
 
Regarding a qualitative reading of the results, assessing the relevance of specific 
character n-grams for text classification proves challenging. This analysis would 
require a more detailed stylistic study of the preferences of each author.  

Concluding with the findings, although at the level of features the techniques 
used did not yield terms predominantly typical of the elegiac love repertoire, the 
division of documents into clusters seems to have shown efficacy in certain instances. 
With the Bag of Words technique and frequency counting at the level of 2 character 
n-grams, the 2 resulting clusters separate the elegiac poets from the epic poets (Figs. 1 
and 2). 
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Fig. 1. Scatter plot of clustering by K Means using a frequency matrix of 2 character n-grams 
indicating the clusters with different colors. Source: author’s own work. 

 

Fig. 2. Scatter plot of clustering by K Means using a frequency matrix of 2 character n-grams 
indicating the authors with different colors. Source: author’s own work. 

Applying the same technique but at the level of word n-grams, produced 3 clusters 
separating the elegiac poets on one side and Virgil and Lucan into two other clearly 
differentiated clusters. 
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Fig. 3. Scatter plot of clustering by K Means using a frequency matrix of 1 word n-gram 
indicating the clusters with different colors. Source: author’s own work. 

 

Fig. 4. Scatter plot of clustering by K Means using a frequency matrix of 1 word n-gram 
indicating the authors with different colors. Source: author’s own work. 

The use of a TF-IDF matrix both at the character and word levels produced scatter 
plots where the points (documents) were more dispersed across the plane. 
Specifically, at the level of 2 character n-grams, the poems of the epic authors are near 
those of Tibullus and Propertius, but occupy a distinct sector within the cluster. 
Conversely, the majority of Catullus's poetry is separated into a much less cohesive 
cluster (Figs. 5 and 6). At the level of word n-grams, the poetry of the epic authors 
coalesced into one cluster, and that of Tibullus and Propertius formed another, albeit 
in close proximity to a third cluster encompassing nearly all of Catullus's poetry along 
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with some texts from Tibullus. An interesting avenue for future investigation would 
be to explore why, using this technique, these documents from Tibullus appear to bear 
such a degree of similarity to those of Catullus. 

 

Fig. 5. Scatter plot of clustering by K Means using a TF-IDF matrix of 2 character n-grams 
indicating the clusters with different colors. Source: author’s own work. 

 

Fig. 6. Scatter plot of clustering by K Means using a TF-IDF matrix of 2 character n-grams 
indicating the authors with different colors. Source: author’s own work. 
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Fig. 7. Scatter plot of clustering by K Means using a TF-IDF matrix of 1 word n-gram 
indicating the clusters with different colors. Source: author’s own work. 

 

Fig. 8. Scatter plot of clustering by K Means using a TF-IDF matrix of 1 word n-gram 
indicating the authors with different colors. Source: author’s own work. 
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7​ Conclusions and Learned Lessons 

Tests were conducted using two different types of stopwords, with negligible 
disparities observed for the K Means method using the Silhouette index to define the 
optimal number of clusters. 

Different representations for the corpus were tested using various ranges of 
characters and word n-grams. The clusters with the highest Silhouette values were 
those using 2-character n-grams and 1-word n-gram, both applying the traditional Bag 
of Words method with stopwords filtering and the TF-IDF weighting. Contrary to the 
Silhouette results, which were close to 1 for the traditional frequency counting and 
stopwords filtering method and close to zero for the use of TF-IDF matrices, the 
outcomes from decision tree training presented conflicting data. The calculation of 
feature importance using Entropy, Information Gain, and Information Gain Ratio 
showed a better distribution of importance among the different features for TF-IDF 
matrices.  

However, irrespective of the technique employed, the optimal number of 
clusters recommended by Silhouette remained consistent at the level of 2-character 
n-grams (two clusters) and 1-word n-gram (three clusters). The scatter plots obtained 
from the different representations show a match with the stylistic distribution reported 
by Forstall et. al. [8] who used a Support Vector Machine (SVM) approach to test the 
influence of Catullus on the poetry of Paul the Deacon3. 

Since this is a preliminary exploratory analysis, there is still a need to apply 
some other techniques such as variable ranges of character and word n-grams (only 
fixed ranges were used in this study), other similarity measures such as Jaccard, 
Cosine, or Soft Cosine, or other clustering methods like Gaussian Mixture Models, 
Density-based spatial clustering of applications with noise (DBSCAN), or even 
hierarchical clustering methods. As for the representation of the documents, there is 
also a need to explore representation techniques with Embeddings like those recently 
developed by  Burns et al., Bamman et al., and Johnson et al. [1, 3, 4, 11]. 
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