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Abstract
Poetry is a form of art that is used to express emotions and feelings. Humans can easily
distinguish poetry without any sophisticated tools. This study is concerned with developing
intelligent methods which can be used to distinguish poem from prose. The goal is to
distinguish and extract effective poetic features with which poems/lyrics can be accurately
classified from other type of texts. In this paper, we proposefive different approaches to
poem classification. In each approach, we extracted a different set of poetic features and
evaluated their performances against each other. In addition, we empirically assessed the
effectiveness of traditional text classification methods for poem recognition and compared
it with the proposed poetic features. While all of these approaches performed well, some
showed superior results. Findings of this study suggest that the proposed features generate
highly accurate classifiers, which can be used for poem mining in large databases such as
World Wide Web.

1. Introduction
Humans have a great capability of recognizing the nature of atext. In contrast, designing accurate
computer algorithms for text classification is a challenging task. With the growth of information,
particularly in digital form, research in the area of text categorization has been increasing in the past
decade. Text classification algorithms have been developedto categorize news [21], patents [19],
e-mails [2], magazine articles [18] or any other specified classification to retrieve information from
the Internet [10]. In addition, search engines are constantly looking for new methods to segment
one special type of data from their repository. Previous works in text classification use techniques
to associate specific terms and contents with the type of documents [6]. These methods are not
easily transferable to poem classification, since a poem is not limited to specific keywords. A poet
may use any word he/she desires. In fact, poems are often structured differently than any other text
document, and therefore, an alternative approach must be applied for poem recognition.
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Computer algorithms that can recognize and classify poetryfrom prose may have some important
applications. A direct application can be improvement of automated document retrieval from a large
database, like the World Wide Web. For instance, if we searchfor “Eliot mystery” we expect to
find the poem “Macavity - The Mystery Cat” by T.S.Eliot. However, the first four search results are
completely irrelevant. More drastic examples can be easilyidentified where current search machines
are unable to provide accurate results for poem search. In addition, an alternative application is that
the design of such algorithms can provide valuable insight into how humans recognize poems, what
features are important and how the features contribute to the recognition. This can lead to the
development of algorithms that emulate human processing, which in turn can be applied in other
pattern recognition and data mining areas.

Our main concern here is neither to understand poems the sameway humans do, nor to find the
best algorithm to classify poetry. The goal is to investigate the effectiveness of some of the features
discussed in this paper to classify documents as a poem or prose. Features of interest are those
that offer sufficient distinction between poem and non-poem. This work is the continuation of the
earlier effort by Tizhoosh and Dara [22]. This time, we take amore systematic approach to the
task of poem recognition by introducing and developing poetic features in three different categories
of shape meter and rhyme. In addition, we studied their recognition capability collectively and
individually and compared the recognition capability of the proposed poetic features with traditional
text classification approaches using a carefully selected data set.

In this paper, we focus on extracting genre-specific poetic features for English language such as
rhyme, meter, and shape to advance new techniques for poem classification. Poems come in differ-
ent shapes and forms, suggesting a large extent of variability within the poem document domain.
For example, a traditional Shakespearean sonnet will have avery different structure in comparison
to a free verse poem in which formal rules of poetry (e.g. rhyme, meter) are not applied. In addition,
we would like to assess the proposed poetic features with respect to text classification procedures
by extracting common context-independent features. We expect that the proposed features boost the
classification accuracy. Five different approaches to poemrecognition are introduced in this paper.
In the first approach, we implement and examine a popular textclassification method for poem clas-
sification, and compare it with the performance of the poeticfeatures. The next three approaches
focus on poetic features, their individual and combined performance. In the last one, we combine
the feature space generated using text classification method with a set of poetic features and analyze
the results with respect to other approaches.

The primary focus here is on the features and their extraction, not on the classification technique.
Therefore, we selected two popular classifiers, naive Bayesian and Multilayer Perceptron (MLP),
for the classification task. The Multilayer Perceptron has been successfully used in variety of ap-
plications, including text classification [14]. In addition, the use of naive Bayesian classifiers in
text classification has been studied before [6]. Most of these works use Bayes rule to analyze spe-
cific word organization, not structural features. The classification approach proposed in this paper
focuses on both aspects of the text.

This paper is organized as follows. Section 2 includes a brief description of works related to
poem recognition. Section 3 discusses the poem characteristics. Section 4 is a brief review on naive
Bayesian classifier. Section 5 presents the proposed approaches including details about the features
for each algorithm. In section 6, the experimental results are presented. Finally, discussions and
conclusions are described in sections 7 and 8, respectively.
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2. Related Works
Text classification is an expanding area of research in the field of data mining and knowledge ex-
traction. There are many types of statistical and machine learning algorithms to classify text docu-
ments. Some examples include support vector machines [25],decision-trees [25], Neural Networks
[14, 20], regression models [28, 26], k-nearest neighbor [27], and naive Bayesian [2, 16, 24]. De-
spite of some limitations in its assumptions, naive Bayesian classifiers have performed surprisingly
well in text classification, which states that document attributes are independent of each other given
the context of the classification [15].

In the area of literary texts, some work was done to attempt toidentify the features used by
humans to classify poems [7]. The results indicate that bothchanges in phonetic and graphical
information affect classifications. On another level, there have been some developments in the
area of poetry generation and understanding. With the meansof classification techniques, poetic
concepts in Portuguese such as stanzaic form, the number of syllables on the verses, and the rhyme
scheme were used to classify and suggest ending word of a verse [13]. With such a system, the
authors intended to help students to understand the structure and rhyme of poems and to encourage
them to write their own poems. Manurung developed an evolutionary model to formulate poetry
generation [15]. The process is considered more complex than natural language generation because
of the different language elements used in poetry. Logan andKositsky [12] applied a standard
semantic text analysis technique to a collection of lyrics found on the Web and explored the use of
this analysis to determine artist similarity. They compared their results with the existing acoustic
similarity technique.

In the area of poem recognition and classification using machine intelligence and data mining
techniques only one preliminary work has been reported [22]. Furthermore, according to the current
research and information related to poetry, it is still not clear what the important features are. This
paper investigates the poetic feature selection for poetryrecognition with the long-term goal of
developing customized search procedure for literary texts.

3. Poetry
Poetry constitutes a strong unity between content and form and is a particular form of literature
characterized by specific use of sound and meanings of language to create ideas and feelings [3, 15].
Elements of poetry that allow humans to distinguish it from other types of text include rhythm and
meter, sounds, imagery and form. Poems are written using these different elements of language at
four levels: sonic, typographical, sensory and ideationallevel. The sonic level refers to the elements
that can be heard, like rhythm and meter. Rhythm is the flow of sound produced by the poem and
meter is the repeating pattern of the rhythm [23]. A meter is usually counted in syllables. The
typographical level refers to the features that can be determined from simply looking at the printed
page. They can include shape, rhymes, meter and meaning. Thesensory level involves the use of
language constructions that appeal to emotions. Finally, the ideational level deals with the words,
specifically grammar and syntax. While a perfect algorithm would need to extract elements at all
different levels, this study focuses on the language elements at the typographical level. The aim is to
determine the performance of a classifier that only uses visual features. In the following subsections,
an overview of most significant poem features rhyme, meter, shape and meaning will be provided.

3.1 Rhyme
Rhyme is widely recognized as being associated with poems. Rhyming is common in poetry and it
basically means sounds agree with, and more often refers to,end rhymes. The difficulty in leverag-
ing rhyme as a feature is to determine the degree to which two words rhyme. The Moby pronuncia-
tion dictionary, from Carnegie Mellon University, provides a map from words to phonemes, but this
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does not entirely solve the problem as robustly identifyingrhyme requires operating at the syllable
level rather than at the phoneme level [11]. The problem is made more difficult by the presence of
proper nouns and relatively uncommon words in the poem corpus which are not listed in the Moby
dictionary. In the current system, Moby’s phonemes are usedas the basis for rhyming, with the ratio
of the number of matching phonemes, starting from the end of the word, to the smallest number of
phonemes in the two words being tested as the rhyme score. If words are not found then the match-
ing is done based on letters. The algorithm looks forAAAA, ABAB, andAABB rhyme patterns in the
text, with each line that fits the sequence contributing its rhyme score to the total for that pattern.
The document’s feature value is then the highest of these scores.

3.2 Meter
Ideally a poem classification system should be able to detectthe metrical structure of the poem.
This involves finding periodic sequences of stressed and unstressed syllables. Determining stresses
within words is difficult to accomplish robustly, although algorithms do exist to estimate how
stresses fall within and among words [5, 11]. A decent proxy for meter is simply the number of
syllables per line; while the exact pattern of stresses is lost it retains a sense of the rhythmic reg-
ularity of poetry. Syllables per line can be determined via proper dictionaries such as the Moby
hyphenation dictionary, from Carnegie Mellon University.This, combined with basic stemming,
has80% accuracy in determining the number of syllables per word in the corpus. Words which are
not found in the dictionary are broken down according to the simple heuristic that every three letters
contributes one syllable to the word.

3.3 Shape
Poems have distinguishable structural features (shape) which can be used to classify poems. These
features are simple and easy to distinguish, e.g. the lines of poems are often much shorter than those
of prose. In addition, recognizing line grouping can be helpful for some of the more traditional
styles of poetry which will often include regular line breaks (paragraphs). A feature of interest is
line length patterns. By counting the number of words (or characters) per line, and then testing the
entire set of lengths for inconsistencies (i.e. high standard deviation) some information about the
change in shape can be extracted. Moreover, pre-line white space may be a valuable measure. One
major problem with shape is that it can be eliminated by text formatting and/or re-formatting.

3.4 Meaning
Some poems have line breaks at regular intervals and there isnot much variety in the line length. In
addition, many poems do not have rhyme or rhythm. An undeniable quality in almost any poem or
lyrics is the image provided by words choice. If quantitatively measured, this feature would provide
the clearest measure of poetry available. There are severalways to extract such features. One
potential way to measure the type of imagery is to calculate the number of nouns, verbs, adjectives,
and adverbs in each phrase, and set it to relationship with the number of total words in that phrase.
An average of such calculation can provide a measure withoutaccess to the actual meaning of the
words. In addition, phrase repetition is another common characteristic of poetry (lyrics) which can
be easily measured.

4. Classification
As discussed before, we selected naive Bayesian and Multilayer Perceptron (MLP) for the classifica-
tion task. The naive Bayesian classifier has been successfully used for text classification [2, 16, 24].
It is a simplified form of the statistical Bayesian method [4,17]. The naive Bayesian classifier
determines the class as follows

27



TIZHOOSH, SAHBA , AND DARA

CNB = max
j

P (C = Cj)

n
∏

i=1

P (ai | C = Cj), (1)

whereP (Cj) is the a priori probability of classCj andP (ai | Cj) is the a posteriori probability
of an instance ofai given Cj . The a posteriori probability for different attributes (orfeatures) is
determined from the set of training data. These probabilities tend to be very small for large data
sets. Thus, the logarithm version of Equation 1 can be used:

CNB = max
j

[

log P (Cj) + log

n
∑

i=1

P (ai | Cj)

]

. (2)

Multilayer Perceptron (MLP) have previously been applied to the problem of categorizing text
documents [14, 20]. Unlike naive Bayesian, MLP does not assume the conditional independency
among the data attributes. An MLP with one hidden layer through the back-propagation learning
algorithm has been used for poem classification. The number of hidden nodes were set to 9 in all
the experiments. A fraction of the training examples were held out for validation (early stopping
criterion). The performance of this set was monitored throughout the iterative learning procedure
to avoid over-fitting. Furthermore, other parameters such as the number of hidden nodes were set
using trial-and-error method.

5. Proposed Approaches
We conducted an extensive background research on differenttypes of poems and various aspects
of poem. In the previous section, we gave an overview of various poetic features. In the following
sections, an overview of the proposed approaches in five different case studies is presented. Each
case study is concerned with a different set of features. Maintaining the same underlying method
was important to ensure that the only difference between algorithms were the features. Among these
cases, approach 1 is a classical text classification method which is used as a baseline. More detailed
explanation is highlighted in the related sections.

5.1 Approach 1: Traditional Text Classification Method
In this approach, we first used the most common preprocessingtechniques to obtain the training
and test data. During preprocessing of the data, we skipped headers, pruned words occurring in less
than three documents and used a stop list. We employed two popular feature selection techniques,
Information gain and Mutual Information, to further reducethe dimensionality [27].

Information gain (IG) measures the number of bits of information available for category prediction
given the presence or absence of a given term. The information gain of a term,t, given classification,
C, can be estimated by

IG(t, C) = −P (C) log P (C)
+P (t)P (C | t) log P (C | t)
+P (t̄)P (C | t̄) log P (C | t̄).

(3)

Given a wordt and a classificationC, the mutual information MI betweent andC can be esti-
mated by

MI (t, C) = log
P (t ∧ C)

P (t)P (C)
, (4)

or alternatively,

MI(t, C) = log P (t | C) − log(C) (5)
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5.2 Approach 2: Shape Features
Word distributions in modern poetry may vary widely, while features such as short lines are more
universal. The majority of poems can be visually identified without actually reading the words.
This structural information is required in a quantitative form for analysis. When it comes to poetry,
among all structural characteristics, length of line is themost distinguishable attribute in human
eyes. In this approach, we first assessed this feature separately by extracting mean and standard
deviation of line length.

1. AverageµLL and standard deviationσLL of line length.

2. AverageµPS and standard deviationσPS of paragraph size.

3. AverageµP and standard deviationσP of punctuation (periods, colons, apostrophes) .

4. AverageµLC and standard deviationσLC of list characteristics (such as bullets, dashes or
numbers) in each paragraph.

5. AverageµN and standard deviationσN of numbers per paragraph.

For above features we define a Gaussian probability distribution for each attribute.

5.3 Approach 3: Combined Rhyme, and Shape Features
This approach classifies a random text as poem or non-poem using rhyme and shape features of the
documents. Ten features were extracted and combined for each document:

1. Average number of rhymes per lines:

µR =
1

L

L
∑

i=1

Nrhyme,i, (6)

whereNrhyme,i is the total number of rhymes in linei.

2. Total number of lines of textL;

3. Total number of paragraphs (group of lines separated by a blank space)P ;

4. Total number of wordsNword;

5. Average number of words per paragraph;

µW =
1

P

P
∑

i=1

Nword,i (7)

whereNword,i is the total number of words in paragraphi.

6. Average and standard deviation of number of letters per line;

7. Average and standard deviation of number of words per line;

8. Average number of periods per line.

µperiods =
1

L

L
∑

i=1

Nperiods,i (8)

whereNperiods,i is the total number of periods in linei.
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Fig. 1: Probability function estimation for the number of words perline.

These features are used to capture the shape and rhythm of thedocuments. The total number of
rhymes per lines is used because rhymes are a common element in poems to create sound. In addi-
tion, the average number of letters per line was used as a measure of meter. A posteriori probability
for each feature was estimated using a Gaussian distribution. The mean and standard deviation of
the distributions are calculated using the feature values from the training data. Figure 1 depicts the
Gaussian distribution for the average number of words per line.

5.4 Approach 4: Rhyme, Meter, and Shape
In this approach, we combined various structural features to capture all aspects of poetry. Poetic
features used in this approach are number of lines, meter, rhyme, and the presence of numerical
characters. As of shape features, we extracted average and standard deviation of the number or
words per line, letters per paragraph, and paragraph (stanza) per document.

1. µword.line and standard deviationσword.line.

2. µletters and standard deviationσletters.

3. µparagraph and standard deviationσparagraph.

4. Numbers: The final feature used in the current system tracks the percent of words which
contain numbers. This is based on the simple heuristic that poems tend to avoid numerical
representation of information.

µnumeric =
Nnumeric

Nword

(9)

whereNnumerics is the total number of numerical characters used in the text.

5. Metrical structure: Similar to the other structural features both average and variance are
measured for syllables per line.

µsyllables =
1

L

L
∑

i=1

Nsyllables,i (10)

SDsyllables = STD(Nsyllables,i) i = 1, . . . , L (11)
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6. Rhyme: Averageµrhyme.line and standard deviationSDrhyme.line.

Finally, for each document, a feature vector is built and used to train the classifier.

5.5 Approach 5: Combining Poetic Features (Approach 3) withWord Frequency
The last classification algorithm combines poetic featureswith word frequency to categorize a doc-
ument. In this approach, however, vocabulary extraction and indexing process are slightly different
from approach 1. After stop-word removal and stemming pre-processing steps, the initial vocab-
ulary is analyzed to retain words that contain useful information. We first calculated relative fre-
quency RF for each word as

RFij =
nij

n
∑

i=1

nij

, (12)

wherenij is the occurrence of wordi in classCj (j = 1 or 2). Then, we apply the following
selection criteria to skip over less informative words and to reduce the dimensionality:

1. RF> 0.002 in poems and in non-poems;

2. Difference in RFs between poem and non-poems< 0.30.

The first criterion selects the words that are less frequent in poems and non-poems. The last
criterion retains words that have a significant difference in their occurrence in both classes. The
threshold values for both criteria were obtained based on trial-and-error by analyzing the relative
frequencies of different sample vocabularies and the corresponding words. Subsequent to the se-
lection of the vocabulary, the probability of observing a particular word in the feature vector, given
that the document is from classCj , is calculated by

P (wk | Cj) =
nij + 1

Nj + |V |
, (13)

whereNj is the total number of words in the training documents from classCj and|V | represents
the size of the vocabulary.

To build the final vector space, we combined poetic features obtained in Approach 3 with the
set of attributes obtained by the word frequencies to categorize the documents. This combination
consists of an equally weighted linear combination of logarithm of the conditional probabilities for
all the attributes. Once the feature vectors are built, theyare used to train the classifier.

6. Experiments and Results
6.1 Data Set
We carefully collected 850 text documents in order to include challenging cases. The data set
includes 500 poems and 350 non-poems. The poems vary in style, length, shape and content. They
include classical poems, as well as free verse poems that do not contain rhymes. The size of poems
vary between 3 and roughly 100 lines. The non-poems include awide variety of documents, such
as news articles, interviews, excerpts from books, short stories, advertising, etc. They also vary in
style, structure and content. Many selected non-poems are quite short since the classification of
long prose (several long paragraphs) as such seems to be trivial. These documents were collected
through various sources including online magazines and websites. The manual selection appeared
to be more reasonable because the required diversity and thedegree of difficulty could be controlled
based on subjective perception. In contrast, an automated sample collection, even though capable
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of providing much larger number of samples, would not be ableto exclude trivial cases or include
really challenging ones.

In each run, the data set was divided into training and testing sets, where the training set con-
stituted70% of the total data set. The same percentage was applied to poems and non-poems. To
obtain reliable results, each classification algorithm wastested 20 times. During each test, all the
aforementioned approaches used identical training and testing sets. The documents within the train-
ing and testing data sets were selected randomly at the beginning of each trial. The MLP and naive
Bayesian algorithms classified a document as poem or non-poem. We used 10% of the training data
for validation of MLP performance. The performances of the proposed approaches, for the training
and testing data, are summarized in the following sections.

6.2 Approach 1: Traditional Text Classification Method
As it was mentioned, we applied the most common text classification method as a baseline. We
first preprocessed the data. Given that the size of vocabulary was up to 20,000 distinct words, we
reduced the dimensionality by methods described in Section5.5. Dimensionality of the data was
gradually reduced to 1000. At each step of the reduction, we tested the performance of each fea-
ture selection method by training a naive Bayesian classifier. The average accuracy and standard
deviation of the training results is illustrated in Table 1,for each feature selection method and corre-
sponding vocabulary size. Among the feature selection techniques, the corresponding accuracy rate
and standard deviation decreased as the vocabulary size decreased. Information gain IG generated
the best overall average accuracy of 93.60% for 5000 words. Mutual information MI exhibited poor
performance for smaller vocabulary sizes and also had higher standard deviation values in compar-
ison to IG. However, for a vocabulary size of 15000 words, MI achieved the same accuracy rates as
IG.

Table 1: Experimental Results for Approach 1

Feature Number Training Testing
Selection of Words Accuracy Accuracy

Information Gain 1000 92.15±2.17 90.33±1.29
5,000 93.74±2.35 93.60±0.26
10,000 92.56±2.15 92.26±0.26
15,000 93.29±2.01 92.41±1.55

Mutual Information 1000 52.16±6.47 48.96±3.64
5,000 34.60±4.89 36.01±0.26
10,000 33.49±4.13 35.27± 0.0
15,000 93.29±2.01 92.91±1.55

Despite the type of feature selection method, the highest test accuracy was close to93% for
naive Bayesian classifier. This accuracy is close to the onesobtained in the previous approaches.
This interesting finding suggests that even the most populartext classification method does not
outperform the simplest shape features introduced in this study.

In the section 6.6, where we combine text classification method with structural features, we ana-
lyze the results in more detail to examine which algorithm classifies ordinary text more accurately
and which classifies poems with high accuracy.
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6.3 Approach 2: Shape Features
The accuracy of the classifier for training and test data are summarized (in percentage) in Table 2.
This table also reports standard deviations over 20 trials.The first observation is that such simple
features have shown to be quite effective. Both classifiers were able to distinguish poem from prose
correctly in more than92% cases, using only shape features.

Comparing MLP and the naive Bayesian, their generalizationaccuracies were similar. The most
noticeable difference was in the standard deviation. The MLP was significantly more variable prob-
ably due to the randomness in the selection of the initial network parameters (e.g. weights).

Table 2: Accuracy of Training and Test data for Approach 2

Classifier Training Accuracy Testing Accuracy

naive Bayesian 92.4± 0.69 92.2± 1.4
Multilayer Perceptron 93.5± 7.1 92.4± 6.8

Another interesting observation was that, apparently, these features were mainly effective for
poems. When we broke down the number of misclassified documents in each class, we realized that
16−20% of the non-poem documents were misclassified; while less than 2−3% of the poems were
misclassified (see Table 3). This is most likely due to the fact that the extracted features were more
representative of the poems, which could not provide an accurate representation for the non-poems.
MLP slightly outperformed naive Bayesian on non-poems documents.

Table 3: Disparity between poem and non-poem accuracy

Classifier Training Accuracy Testing Accuracy

naive Bayesian Poem 98.4 98.3
Non − Poem 80.2 80.0

Multilayer Perceptron Poem 97.5 96.8
Non − Poem 84.7 83.4

6.4 Approach 3: Rhyme, and Shape Features
We also examined another aspect of poetry. This time, average and variance of the number of
the words that rhyme were added to the shape features. The experimental results for the training
and testing data are given in Table 4. Once again, both classifiers were able to achieve a very
high accuracy. However, rhyme feature did not boost the classification accuracy. This can be
explained for two reasons. First, rhyming is sometimes hardto capture and/or to quantitatively
measure. Furthermore, with shape features we were able to achieve accuracy higher than98% for
poem. Therefore, it was expected that rhyme feature would not able to improve the remaining 2%.
After detailed investigation of the misclassified data patterns, we observed a similar pattern as the

Table 4: Experimental Results for approach 3

Classifier Training Accuracy Testing Accuracy

naive Bayesian 92.01± 0.76 91.87± 1.36
Multilayer Perceptron 94.01± 3.81 92.57± 5.11
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Fig. 2: Class distribution in feature space.

previous approach. The difference between the ratio of misclassified poems and non-poems was
close to18%. This observation again reinforces the fact that the generated feature space did not
represent both classes unequivocally.

6.5 Approach 4: Rhyme, Meter, and Shape Features
Here, we added another structural feature to shape and rhymefeatures, the average and variance
of the number of syllables in the text. The degree to which such extracted features are successful
in separating two classes has been highlighted in Figure 2. It is important to note that a logarith-
mic scale is used on both axes for the sake of a better visualization. As it can be seen, extracted
features produce a single highly dense cluster for poems, while ordinary text has a rather widely
scattered distribution. In this approach, the average testaccuracy over 20 trials was92.1% using
naive Bayesian classifier. Apparently, adding the size of syllables to the previous set of features did
not improve the accuracy either. In order to gain insight into the effectiveness of each feature, we
evaluated each feature individually. We calculated the difference between classifier performances
with and without each feature. The average performance improvement (percentage) for each feature
is summarized in Table 5. All features resulted in improved performance. Some of the features have
major effect such as the number of words, while others have minor effect (e.g. number of lines).
The effect of the number of words per line can also be validated by comparing its probability for
poems and non-poems highlighted in Figure 1.

Table 5: Experimental Results for Approach 4 (∆: Average percentage change in accuracy from feature inclusion)

Feature naive Bayesian∆ Multilayer Perceptron∆

Words/Line +3.77% +3.58%
Lines/Stanza +2.13% +1.42%
Syllables/Line +4.08% +2.18%
Rhyme Score +2.91% +0.86%
Numbers/Words +7.51% +0.83%

34



JOURNAL OF PATTERN RECOGNITION RESEARCH

Findings of Approaches 2, 3, and 4 suggest that some structural features are highly correlated.
Existence of some features compensated for the absence of other features. In each approach, we
substituted some of the features with new ones, and obtainedsimilar accuracies every time. Since
capturing rhyme and meter features is a complex and time-consuming task, these observations gen-
erally recommend that poems can be accurately classified using less expensive and less complex
features such as shape.

6.6 Approach 5: Combining Poetic Features with Word Frequency
We combined poetic features obtained in Approach 3 with the set of attributes obtained using word
frequency method to categorize the documents. Once the feature vectors were built, they were
used to train the classifier. The experimental results for the training and testing data are given in
Table 6 and 7. We examined these sets of features individually (Algorithms 1 and 2) and combined
(Algorithm 3) to evaluate their performances. Both classifiers built on word frequency and poetic
features have resulted in high accuracy rates. The accuracyof the classifier built on word frequency
was slightly higher than the one trained with poetic features. This is likely due to the fact that there
are such words, namelypoetic words, that are strongly associated with poems. These words fall
under “meaning” attribute category (Section 3.4), in whichthe emphasis is placed on the message
that is being delivered than on the shape or appearance of thepoem. The poetic attributes that
were used in this approach do not includemeaning features. On the other hand, by using word
frequency method, we were able to capture this aspect to someextent. However, similar to approach
1, word frequency classifier only showed marginal improvement over the other approach. This
behavior can be justified as follows: The selection of words in poetry has no limits and can be
very diverse. As a result, the set of vocabulary generated for poem classification (feature space) is
sparse. Subsequently, generalization capability of the classifier is not optimal. Overall, this suggests
that the conventional text classification approaches can beeffective and efficient means for poem
recognition.

Table 6: Experimental Results for Training Data, Approach 5

Algorithm 1: Algorithm 2: Algorithm 3:
Word Frequency Poetic Features Frequency and Poetic Features

96.80± 0.94 91.01± 0.76 98.93± 0.29

Table 7: Experimental Results for Testing Data, Approach 5

Algorithm 1: Algorithm 2: Algorithm 3:
Word Frequency Poetic Features Combined Frequency and Poetic Features

92.87± 1.58 90.87± 1.36 97.29± 0.80

To overcome the shortcomings of the classifiers built on poetic and frequency features, we com-
bined these features and trained a naive Bayesian classifier. The interesting observation is that the
combined features provided even more accurate performance(Tables 6 and 7). To assess this be-
havior, we analyzed the results and recorded the classification errors for the test data. This aimed
at determining whether the classifiers were misclassifyingthe same text. We randomly collected
the data from 4 of the 20 test runs for the testing data and included the documents that had at least
one misclassification. We realized that, most of the times, the documents that were misclassified by
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Algorithm 1 were correctly classified by Algorithm 2 and viceversa. This suggests that these two
algorithms are complementary, since they make errors on different types of text. This complemen-
tary nature of the algorithms confirms that poems have a very varied nature and require algorithms
that target more than one aspect. Thus, to make these algorithms more accurate, it would be crucial
to assess which features are more important for certain texts and perhaps weight them more heavily.
For example, in the case of free verse poetry, putting higherweights on the meaning of the words
will improve the recognition capability.

Table 8 summarizes the number of misclassifications over allthe 20 trials for poems and non-
poems. First, we report how many documents of type poems and non-poems were misclassified by
each algorithm (1, 2, and 3). Then, we counted the number of documents that were misclassified in
both or all algorithms. The results again support the complimentary nature of the Algorithm 1 and
2. While Algorithm 1 and Algorithm 2 misclassified a total of 254 and 154 poems respectively, only
22 of the exact poems were misclassified by both algorithms. Similarly, only 31 non-poems were
misclassified by the these classifiers over 20 runs. In addition, we can see that poems tend to be
misclassified by Algorithm 1. Non-poems are misclassified byAlgorithm 2 much more often than
by Algorithm 1. This is an indication of which algorithm is suited for each class of documents. The
word frequency works better at classifying prose, whereas poetic features do boost the recognition
capability for the poems.

Table 8: Number of documents misclassified for each classifier (over 20 trials, 3300 poems and 1700 non-poems were
classified)

Algorithm Poems Non-Poems

Algo. 1 254 67
Algo. 2 154 257
Algo. 3 89 33
Algos. 1 & 2 22 31
Algos. 2 & 3 50 18
Algos. 1 & 3 53 18
Algos. 1 & 2 & 3 14 3

7. Discussions
Findings of proposed approaches can be summarized as follows:

• The results suggest that proposed poetic features are beneficial for effective poem recognition.
These features were selected based on their potential to correctly distinguish poetry from
prose. We validated the efficiency of these features in the approaches 2,3 and 4 (approach 1
was also used as a baseline).

• Shape features such as line length were found to be perfectlysuited for the problem of clas-
sifying text as poetry versus prose. In some cases, however,non-poem texts were wrongly
classified as poem. A detailed investigation illustrated that when the text document is struc-
tured like a poem such as a list or a discussion in a chat room.

• Interestingly, when we extracted and combined features of poetic nature such as rhyme and
meter, no significant improvement was observed. This could be due to the type of data ex-
tracted. When dealing with emails, text from chat rooms or other short text documents, addi-
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tional information may be required to correctly classify data. The use of rhyme or syllable is
recommended in these cases.

• The most interesting observation resulted from comparing the findings of the first four ap-
proaches to the last one. When the word frequency was applied, the accuracy of the naive
Bayesian classifier was close to the ones resulted from usingpoetic features. However, when
the features were combined, we observed5% improvement in the accuracy. A detailed in-
vestigation on the type of misclassified documents illustrated that classifiers built on word
frequency and poetic features were complementary since they make errors on different texts.

• Moreover, it was observed that the poems are better classified by the proposed features, while
non-poems are better classified using the word frequency approach. This is likely due to the
fact that proposed features were too poetic. On the other hand, since the selection of words
used in poetry is very diverse, the set of vocabulary generated for poem recognition using text
classification methods was not representative for all type of poems. Combining both type of
features resulted in higher accuracy.

8. Conclusions
Poetry recognition is a challenging and interesting problem which has been overlooked previously.
This study proposes novel poetic features and compares the effectiveness of these features in the
task of poem classification. It is important to note that our intention is neither to classify different
types of poems nor to classify modern poetry from prose. In addition, our objective is not to show
which poetic feature is the best. Our primary goal is to distinguish between prose and all types
of poems. Developing efficient algorithms to identify poemscan improve the quality of online
document retrieval and can also provide an insight into the nature of the features used by humans
to recognize poems. The proposed features have the potential to be used in search engines, looking
for actual poems as opposed to pages that contain the word poem.

In this paper, we introduced different poetic features and categorized them into four groups of
rhyme, meter, shape and meaning. Then, we implemented five different approaches including a
common text classification method as a baseline. In each approach, we extracted a different set of
poetic features and evaluated their performances against each other. In addition, we empirically
assessed the effectiveness of traditional text classification methods for poem recognition and com-
pared it with the proposed poetic features. In another attempt, the feature space extracted using
word frequency method was combined with shape features.

A collection of 850 documents was carefully gathered from different sources. This collection
contained both prose and poems. The poem set included a varied set of poems, different in style,
form, shape, and content, in order to make the poetic features comparison more comprehensive.
In all five approaches, naive Bayesian and Multilayer Perceptron classifiers were able to achieve
accuracies more than 90% on the test data. This high accuracyconfirms the effectiveness of all
proposed poetic features for the task of poem recognition. Among all different approaches used
in this paper, the highest accuracy was achieved when poeticfeatures were combined with word
frequency.

Based on the presented results, it is not possible to state which poetic feature provides more ac-
curate recognition ability for a specific type of poem. This study only focused on the recognition of
poem versus prose, and considering all other aspects was beyond the scope of this paper. Classifica-
tion of different types of poetry from each other or a more challenging task, free verse poetry from
prose, will remain to be investigated in the future. It will be interesting to develop algorithms that
can distinguish different types of poems. This requires to examine each type of poem and to dis-
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tinguish its unique characteristics. Then, a set of poetic features can be associated to each specific
type of poem. Other future objectives include considering “meaning” attribute of the poems, and
using more sophisticated methods to extract poetic features. As per discussed, we did not capture
the “meaning” feature provided by words choice. However, our findings suggest that this feature
seems to be the most effective method for free verse poem recognition and may provide the highest
recognition ability.
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