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Abstract. In this paper we focus on the identification of the author of a written
text. We present a new hybrid method that combines a set of stylistic and statistical
features in a machine learning process. We tested the effectiveness of the linguistic
and statistical features combined with the inter-textual distance "Delta" on the
PAN’@CLEF’2015 English corpus and we obtained 0.59 as c@1 precision.
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1 Introduction

The task, which consists in deciding by automatic means whether a text T was
written by an author A, fits into the research field that focuses on author
identification. The benefit of automating this task is substantial because of its
usefulness in various fields such as forensic analysis, forensic linguistics, electronic
commerce and plagiarism detection. In the latter case, the probability that a text
contains plagiarism becomes important if the attribution of two parts of this text is not
assigned to the same author.

In the literature, the automation of the author attribution task can draw on stylistic
or statistical attributes. Currently, learning techniques are being used to infer
attributes that discriminate the styles of authors. It is in this context that we propose in
this paper a hybrid method that combines stylistic and statistical attributes while
relying on measurements of inter-textual distances. We will present the results of our
experiments, using several learning techniques.

To explain the steps of our method, its implementation, and findings, we organized
this paper into five sections including this introduction. The second section is devoted
to an overview of the main work in this field. The third section details the proposed
method and specifies the stylistic and statistical features used. The fourth section
presents the experiments and evaluations conducted on the corpus disseminated
during the PAN’@CLEF'2015 conference. The conclusion reiterates the main
findings and presents some prospects that are still in the experimentation stage.



2 Overview of Automatic Author Identification Methods

An overview of the main works in the field of author identification allows us to
identify three types of approaches [1]. The first is based on the stylistic analysis of
documents and aims to identify style invariants that help us distinguish the writings of
an author from those of another author. The second approach is based on multivariate
statistical analyses and aims to identify the joint distribution of some style variables
making it possible to decide whether two texts show a significant correlation of style.
The third approach, described as recent, is based on machine learning algorithms and
seeks to build classifiers that infer the lexical and syntactic attributes that characterize
the style of an author.

The basic idea of the stylistic methods is structured around the modeling of the
authors from a linguistic point of view so that we can compare their writings. We cite
as an example the work of Li et al. in which they focused on topographical signs
[2] and the work of Zheng et al. in which they were interested in the co-occurrence of

character n_grams [3]. Other works were concerned with the distribution of function
words [4] or the complexity of vocabulary [5]. In another work, Raghavan et al.
capitalized on the probabilistic context-free grammars to model the grammar used by
an author [6]. Feng et al. based their research on the syntactic functions of words and
their inter-relationships in order to discern the complex constructions used by each
author [7]. Other studies focused on the semantic dependency between the words of
written texts through the use of taxonomies [8]. Finally, and in a critical study,
Baayen demonstrated that stylistic methods show weak performance in the analysis of
short texts [9]. Moreover, he demonstrated that style can change over time or
according to the literary genre of texts (poetry, novels, plays ...).

The first attempts tried to compare the occurrence frequency of certain numbers of
functional words (determiners, prepositions, conjunctions, and pronouns) [10].
However, the results of the evaluation of this method prove its limitations and it is for
this reason that other studies experimented with multivariate statistical indices. We
cite as examples the principal component analysis [11]. Other methods use
probabilistic measurements of distance such as the inter-textual distance [12], the
LDA distribution [13], the KL divergence distance between the hidden Markov
models [14] and the χ2 distance [15].

[16] puts forward a statistical rule called "Delta rule" which is based on the set of
the most frequent terms (between 40 and 150), especially function words. It is
noteworthy that this rule has been used by numerous studies in the field of author
identification [17,18]. For his part, Savoy puts forward a probabilistic model for the
attribution of documents addressing several topics [19]. In this framework, each
document of a given corpus is modeled as a distribution of different themes, each
theme representing a specific distribution of words.

The use of machine learning techniques stems from the observation that the task of
author identification can be seen as a classification problem [1]. The methods which
are part of this approach hinge on two stages: the first consists in representing the
source texts as vectors of labeled and multivariate words. The second consists in
using learning techniques to identify the boundaries of each class, meanwhile
minimizing a classification loss function. To construct the classification model,



Initial
corpus CLEF 2015 New

text

Sub corpus CLEF 2015

several techniques have been adopted such as the discriminating analysis [19], SVM
[2], the decision trees [20], the neural networks [3], the methods of sets of classifiers
[1] and the theme models [18]. It should be noted that other studies have compared
the performance of some classifiers for the author identification task [20].

3   Proposed Method
Hybridization has always been considered an interesting track because it

overcomes the limitations of combined approaches. It is with this objective in mind
that we tried to experiment with learning techniques on all the stylistic and statistical
features that have shown their efficiency in the literature. The basic idea is to create
for each text T, whose belonging to an author A we want to verify, a sub corpus
which includes all the texts written by this author and the texts that are close to it in
terms of distance. Thus, if the text was written by author A then there is a high
probability that we recognize the style via the stylistic and statistical features of
author A’s texts belonging to the corpus. On the other hand, if A is not the writer of T
then there is a good chance that it is assigned to another author selected from the rest
of the sub corpus.

FIGURE 1: Steps of the proposed method

4 Implementation of the HyTAI system
In order to implement the proposed method, we developed a system called

HyTAI (Hybrid Tool for Author Identification) whose modular decomposition
follows the proposed method. Thus, we used the Delta rule in the extraction module
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of the sub corpus to calculate the distance between two texts. Also, we used the
OpenNLP for the extraction of the stylistic and statistical features.

To calculate the distance between two documents, we used the Delta distance
proposed by Burrows et al. (Burrows 2002). This distance, which takes into account
the most frequent words, is characterized by the following formula:
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Note that tfrij is the frequency of the term ti in the document Dj while meani is the
mean and SDI is the standard deviation.

It should be noted that if two texts are quite close, then delta tends toward 0.
Similarly, the value m may vary from one corpus to another and that is why we
conducted an experiment to have the value determined (see next section). For the
training sub corpus, we choose the nearest texts of a document to be checked in such a
way that a balance is achieved between the texts written by the author to be identified
and the texts that do not belong to that author.

In order to extract the stylistic and statistical features, we used tools from the
Apache OpenNLP library, which contains a set of functions that can segment texts
and perform the syntactic and lexical analyses. We calculated the frequency of lexical
features, the ratio V / N – where V is the hapax’s size and N is the text length – and
the average length of sentences. Regarding parsing, also conducted through the
OpenNLP, we extract the number of nouns, the number of verbs, the number of
adjectives, the number of adverbs, and the number of prepositions.

Then to extract the features related to the model of the language, we consider the text
as a simple sequence of characters and determine the frequencies of the letters, the
punctuation marks and the numeric characters as well as n-grams.

5 Evaluation

To evaluate the HyTAI system, we conducted a series of experiments which aim to
determine the ideal parameters such as the threshold of the Delta distance as well as
the most suitable algorithm for learning. We used the corpus disseminated at the
PAN’@CLEF’2015 conference. This corpus consists of 200 collections of English
documents (essays) which include 518 known texts and 200 unknown texts. The
average length of the documents is around of 833 words per document.

To evaluate the performance of our HyTAI system, we used the c @ 1 measure
adopted by the PAN’@CLEF'2015 conference and defined by Penas et al., (Penas,
Rodrigo, 2011). Compared to conventional measures of precision, this measure has
the advantage of taking into account the indecisions of the system, that is to say where



the system cannot decide on the authorship of the document concerned. The formula
proposed for the calculation of c @ 1 is as follows:

c @ 1 = (1 / n) * (nc + (nu * nc / n)) [21]

where n is the total number of problems; nc = number of correct decisions;
nu = number of cases of indecision

The following figure shows the c @ 1 measurement results obtained via 6
classifiers on the corpus. For an unknown text whose authorship we want to identify,
we create a sub corpus containing known texts by the author and the same number of
texts that are close in terms of Delta distance from unknown texts that do not belong
to the author. The classifiers used in this experiment are: SVM, Bayesian Networks,
Naive Bayes, Decision tables, Decision tree and KNN.

FIGURE 2: Performance of the classifiers used in the experiments

In our case, indecision stems from the fact that we obtain with the classifier (in the
cases of SVM, Bayes, KNN) median values (close to 0.5). So for these classifiers,
indecision results when the value obtained is in the range [0.4-0.6].

According to the histogram, the best results (the C @ 1 axis value) are obtained
through the SVM algorithm, followed by the naive Bayes classifier.

To determine the optimal threshold used by the Delta distance, we conducted an
experiment with the various values of c@1 by varying the threshold from 50 to 400.
In this experiment, we set the SVM algorithm as a classifier.



FIGURE 3: System precision variation based on size of sub corpus

As shown in the previous figure, with a size of 60% of the English Corpus, the
HyTai system got an accuracy rate for c@1 which is equal to 0.59.

6 Conclusion

In this paper, we presented an automatic author identification method which is
based on the combination of statistical and stylistic features while relying on the SVM
learning algorithm. The results obtained on the corpus of the PAN’@ CLEF'2015
conference prove the interest of hybridization, and the importance of statistical
features. However, these results do not satisfy our ambitions; that is why we are
planning during our next participation in the PAN conference to change the training
corpus by choosing different textual forms that derive from the text. This procedure is
intended to "fill" the training corpus and thus to reach more accurate decisions. The
first results, that we are about to experiment in this direction, are very promising.

Also, we plan to extend our method to take into account the other languages put
forward in the author identification task. Within this framework, we will focus more
on the statistical features and those derived from the language model.
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