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ABSTRACT

Identifying the authorship of either an anonymous or a doubtful document constitutes a cornerstone for
automatic forensic applications. Moreover, it is a challenging task for both humans and computers considering
the complex content of documents with a variety of backgrounds. Due to its nature, this task is always
considered as an unsupervised one. Clustering documents according to the linguistic style of the authors who
wrote them is a less charted territory. PAN evaluation framework is the first effort to promote the development
of the author clustering as an attempt to address this problem. There are different approaches to address the task
and this article proposes a method based on a set of homogeneous features and two-step automatic FCM
clustering. We use word Ngram, part-of-speech tagging and some other context free features, then document
similarity graph (DSG) was used for estimating the number of clusters; finally we used FCM to cluster corpus.
We conducted the task in a very short period of time and our performance results are comparable with
leaderboard competitors in PAN CLEF 2017 challenge.
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1. INTRODUCTION

Stylometry is the study of distinct linguistic styles and individual writing practices with the purpose of
determining the authorship of a written piece of text (Holmes, 1998). A writing style represents the linguistic
choices of a writer that persist throughout one’s work. Stylometric research is inspired by the hypothesis that
every person has a unique and distinct writing style, referred to as “stylistic fingerprint” Holmes (1994) that can
be measured and learned. Here, a stylistic fingerprint of a writer means a set of features frequently used by that
author such as word length, sentence length, choice of certain words, and syntactic structure of a sentence. Stat-
of-the-art perspective of stylometry research is authorship analysis (Holmes,1994; Juola, 2008; Chaski, 2001;
Koppel et al., 2011; Abbasi & Chen, 2005; Stamatatos et al., 2000). In the recent past, the domain of authorship
analysis has embraced new dimensions of research typically with the emergence of machine learning techniques
for text mining. One of the recent and emerging trends in authorship analysis is computational extraction of
stylometric features from the text of an author instead of engineering the stylometric features manually (Rosen-
Zvi et al., 2012; Seroussi et al., 2011; Caliskan-Islam, 2015). The main focus of authorship identification is
deciding the most probable author of a target document among a list of known authors (Juola, 2008). From
machine learning perspective, authorship identification can be perceived as one label multiclass text
classification problem where the role of classes is played by contestant authors (Sebastiani, 2002).

The detailed literature review in the domain of authorship identification for the last two decades revealed
that it is a field of great interest and has been mainly applied to the English language (Chaski, 2011; Abbasi&
Chen, 2005; Holmes et al., 2001; Koppel et al., 2009). Additionally, few solitary efforts were undertaken for
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other languages including Arabic (Abbasi& Chen, 2005; Altheneyan&Menai, 2014) Dutch (Juala&Baayen,
2005; Hoorn et al., 1999), Greek (Stamatatos et al., 2000; Kesel;j et al., 2003), and Portuguese (Pavelecet et al.,
2008; Silva et al., 2001).

In the following sections, we provide a detailed description of our approaches to solve the two subtasks of
the Author Identification track of PAN 2017. The problem instance is a tuple <K; U; L> where K is a set of
documents <ki, kz, Ks,...,k:> authored by the different authors, U is the genre of the document and L is the
enumerated value specifying the language of the documents: English, Dutch or Greek. All documents in a
problem instance are in the same language and same genre.

This lab report is structured as follows: In section 3.1 we propose a number of different features that
characterize documents from widely different points of view: character, word, parts-of speech, sentence length
and punctuation. We construct non-overlapping groups of homogeneous feature. In section 3.2 we present the
two-step method for authorship clustering task by employing a graph-based approach and the standard Fuzzy C
means algorithm. Then we employ a new feature space to determine links between documents. Finally, in
section 4 we describe our results on the training corpus and the final evaluation corpus of PAN-2017.

2. RELATED WORKS

In the literature, a large number of works in the past had focused on computational linguistics-based methods
for the identification of stylometric features in the texts and their application in order to attribute the possible
author of each text. The focus of these approaches was on improving various tasks of authorship analysis of a
piece of text such as authorship identification, author verification, and author profiling.

The first approach to authorship identification is the use of univariate or multivariate measures that can
reflect the style of a particular author. Individual measures such as word occurrence or the frequency of specific
words (Mendenhall, 1887), mean sentence length or word length (Yule, 1944), and word richness (Sebastiani,
2002) were proposed; however, none of these univariate measures prove to be adequate (Grieve, 2007). The
philosophy behind the multivariate approach is to take the documents as points in vector space, and to assign
the query document to the author, whose documents are closest to the query document (Burrows, 2002) by using
some suitable similarity measures; furthermore, other distance-based similarity metrics such as Euclidean
distance, Kullback-Leibler, and Hellinger distance were applied to various feature sets for authorship
identification (Chaski, 2001; Keselj et al., 2003; Reza et al., 2009).

The second approach includes statistical machine learning techniques. Individual author is a category value,
and a classification model is built. Machine learning techniques are further separated into two subgroups, one
is supervised and the other is unsupervised. In supervised learning, a classifier is built using both features and
the categorical value. However, unsupervised models work on unlabelled data (Blei et al., 2003). For authorship
identification, supervised techniques include support vector machine (SVM) (Koppel et al., 2009; Argamon et
al., 2009; Stamatatos, 2008), decision trees (Abbasi& Chen ,2005), linear discriminant analysis (Chaski ,2005),
and neural networks(Tweedieetal., 1996; Zheng et al., 2006). Support vector machine out-performed other
supervised techniques such as linear discriminant analysis and neural networks in terms of accuracy.
Unsupervised classification techniques include principal component analysis (PCA) (Burrows 1997; Jamaket et
al., 2012), cluster analysis (Holmes, 1992), word2vec (Mikolov et al., 2013), doc2vec or distributed document
representation (Le &Mikolov, 2014), and LDA (Rosen-Zvi et al. 2004; Seroussietal, 2017; Arun et al., 2009;
Savoy, 2013). The work discussed by Blei et al. (2003) is the first attempt to address author identification in
Urdu text and that approach is improved in this paper by using tf-idf along cosine similarity and a KNN-based
classification module for more accurate results. First systematic study of authorship identification by using the
enhanced version of LDA was presented by Rosen-Zvi et al. (2004). LDA model has the ability to identify all
hidden topics from a large number of features and present them as LDA topics, serving for dimensionality
reduction and making it attractive for text analysis problems. Anwar et al. (2019) presented an approach for
authorship identification in English and Urdu texts using the LDA model with n-grams texts of authors and
cosine similarity. The approach uses similarity metrics to identify various learned representations of stylometric
features and uses them to identify the writing style of a particular author. The proposed LDA-based approach
emphasizes instance-based and profile-based classifications of an author’s text.
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Although our work focuses specifically on PAN CLEF 2017 data (Tschuggnall et al., 2017), we briefly
review other approaches as well. Kocher & Savoy (2017) proposed an effective unsupervised author clustering
and authorship linking model called SPATIUM. The suggested strategy can be adapted without any difficulty
to different languages (such as Dutch, English, and Greek) in different text genres (e.g., newspaper articles and
reviews). As features, they suggest using the m most frequent terms (isolated words and punctuation symbols)
or the m most frequent character n-grams of each text. Applying a simple distance measure, they determine
whether there is enough indication that two texts were written by the same author or not.

Gomez-Adorno et al. (2017) performed a hierarchical clustering analysis of different document features:
typed and untyped character n-grams, and word n-grams. We experimented with two feature representation
methods, log-entropy model, and tf-idf; while tuning minimum frequency threshold values to reduce the
dimensionality. Their system was ranked 1 in both subtasks, author clustering and authorship-link ranking.

Another competitor team in CLEF 2017, Karas et al. (2017), proposed methods for author identification task
divided into author clustering and style breach detection. Their solution to the first problem consists of locality-
sensitive hashing based clustering of real-valued vectors, which are mixtures of stylometric features and bag of
n-grams. For the second problem, we propose a statistical approach based on some different tf-idf features that
characterizes documents. Applying the Wilcoxon Signed Rank test to these features, we determine the style
breaches.

Garcia et al. (2017) proposed a graph-based method, specifically # compact clustering, for discovering the
groups of documents written by the same author. The f-compact algorithm is based on the analysis of the
similarity between documents and they belong to the same group as long as the similarity between them exceeds
the threshold $ and it is the maximum similarity with respect to the other documents.

A simple distance measure has been applied to the author clustering problem to determine which documents
are written by the same author. This simple distance measure works with the probability distribution of character
sequences of a document, making it insensitive to language differences. The most frequent feature k, where k is
chosen to be 300, determines the distribution where punctuation is present. Also, the uppercase letters are
transformed to lowercase symbols, while a threshold of 3:0 remains for the symmetric distance score. In
addition, characters 2-grams are chosen due to their best outcomes (Alberts, 2017).

Finally Halvani&Graner (2017) proposed a simple method; In order to group the documents by their authors,
they use k-Medoids, where the optimal k is determined through the computation of silhouettes. To determine
links between the documents in each cluster, they apply a predefined compressor as well as a dissimilarity
measure. The resultant compression-based dissimilarity scores are then used to rank all document pairs.

The proposed scheme does not require (text-) preprocessing, feature engineering or hyper-parameter
optimization, which are often necessary in author clustering and/or other related fields.

3. PROPOSED METHOD

This section describes the proposed method. First preprocessing and feature extraction from documents is
introduced, then the way we use this features to cluster authors is explained.

3.1. Preprocessing
The proposed method extracts a number of different features from each document. For ease of presentation,
these features are grouped in homogeneous categories, as described below.

3.1.1. Features

Word ngrams (WG): all characters are converted to lowercase and then the document is transformed to a
sequence of words. White spaces, punctuation characters and digits are considered as word separators. We count
all word ngrams, with n < 3, and we obtain a feature for each different word ngram which occurs in the training
documents set of a given language (Mansoorizadeh et al., 2016). It should be mentioned that, word unigrams
and 2-gram are used in clustering task as well as the pre-processes related to it and word 3-gram only used in
link computation phase.

In order to normalize these sets of features we use term frequency-inverse document frequency (tf -idf) for
each set of documents (each problem) (Mansoorizadeh et al., 2016).
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POS (parts-of- speech) tag ngrams (PG): We apply a parts of speech (POS) tagger on each document, which
assigns words with similar syntactic proper ties to the same POS tag. We count all POS ngrams, with n<2, and
we obtain a feature for each different POS ngram which occurs in the training set documents of a given language
(Mansoorizadeh et al., 2016).

Sentence lengths (SL): We transform the document to a sequence of tokens, each token being a sequence
of characters separated by one or more blank spaces. Next, we transform the sequence of tokens to a sequence
of sentences, each sentence being a sequence of tokens separated by one of the following characters:

-5 4 L, 2. We count the number of sentences whose length in tokens is n, with ne {1,..,15}: we obtain a
feature for each value of n (Mansoorizadeh et al., 2016).

Punctuation ngrams (MG): We transform the document by removing all characters not included in the
following set: {,, ., ;, ;, 1, ?, "}—the resultant document thus consists of a (possibly empty) sequence of
characters in that set. We then count all character ngrams of the resultant document, with n>2, and we obtain a
feature for each different punctuation ngrams which occurs in the training documents set of a given language
(Mansoorizadeh et al., 2016).

In order to preprocess documents we use python NLTK 3.4.5 package (Juola, 2008). After creating the
feature space we simply separate word 2grams for authorship link task and use the rest of features for clustering.
We assume that word 2grams consist of very specific relation which can have a better effect inside each cluster
for determining the level of similarity between documents.

3.1.2. Data normalization
After feature extraction, we normalize the value of each feature using min-max normalization in order to
remove the impact of different scale spaces:

Xog —Min

—ltod T 1
"™ Max—Min @

Where Xoyq is the old value of X and Max is the maximum value of feature X and min is the Minimum value
of feature X.

3.2. Two-step unsurpervised method
After extracting features from each document, we use train data to build a model in order to cluster
documents and then assign each article to the right author.

3.2.1. Step 1: Determining the number of authors

Considering the fact that the number of authors is unknown first we have to determine the number of authors
for each problem, for example, we have to determine the number of clusters for the clustering algorithm (Fuzzy
Cmeans is used and the number of clusters for this method should be set). The number of clusters should be set
by the developer based on specifications of the problem. Assigning a proper number is a challenging task. A
document similarity graph (DSG) algorithm has been used. DSG is an undirected graph showing similarity
relations between documents based on their contents (Chaski, 2001). The nodes of this graph are documents
and the edges between documents are defined by the similarities between them using Eq. (2):
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Where x; and y; are features of X; and Y; documents respectively and ¢ is the threshold which defines the
existence of similarity between the two documents. In this paper, the 6 parameter is set to 0.5. Moreover, Z is
the cosine similarity between the two documents (Koppel et al., 2011). The number of clusters has been
determined using the number of sub-graphs drawn from DSG. To find the number we just count the nodes with
value more than 65 percent of the number of all document for example if we have 100 documents in problem
folder, we count nodes which have more than 65 incoming edges.

3.2.2. Step 2: clustering and computing links

After calculating the number of clusters, we use fuzzy C-means clustering Phu et al. (2017) in order to
perform clustering task. When clustering is completed, we collect the results and employ simple similarity task
in each cluster. We compute similarity based word 3grams features and cosine similarity Eq. (2), in order to
assign each new document to the right author.

4. EVALUATION

In this section we perform evaluation on PAN 2017 data sets (train and test). First we introduce evaluation
parameters, then we report our individual and comparison results. The evaluation was performed using the TIRA
platform, which is an automated tool for deployment and evaluation of the software (Tschuggnallet al., 2017).
The data access is restricted such that during a software run the system is encapsulated and thus ensuring that
there is no data leakage back to the task participants (Tschuggnallet al., 2017). This evaluation procedure also
offers a fair evaluation of the time needed to produce an answer.

During the PAN CLEF 2017 evaluation campaign, six corpora (or test collections) were built each containing
30 problems (10 for training and 20 for testing). In each problem, all the texts matching the same language, are
in the same text genre, and are single-authored, but they may differ in text-length and can be cross-topic
(Tschuggnall et al., 2017). The number of distinct authors is not given. In this context, the task is defined as:

Given a problem of up to 50 short documents, identify authorship links and groups of documents by the
same author. Each of the six corpora is a combination of one of the three languages (English, Dutch, or Greek)
and one of the two genres: newspaper articles or reviews. An overview of these corpora is depicted in Table 1.
Considering the six benchmarks, we have 120 problems to test and 60 problems to train (pre-evaluate) our
system.

Table 1. PAN CLEF 2017 training corpora statistics.

Training sets

Corpus Text Authors Single Terms
English News paper (EN) 20 5.6 [3-10] 1.8 [0-6] 62 [56-67]
English Reviews (ER) 194 6.1 [4-10] 1.9 [0-5] 73 [70-77]
Dutch News paper (DN) 20 5.3 [4-8] 2.0 [0-5] 59 [53-66]
Dutch Reviews (DR) 18.2 6.5 [5-8] 0.3[0-2] 159 [143-186]
Greek News paper (GN) 20 6.0[4-8] 1.5[0-5] 76 [66-88]
Greek Reviews (GN) 20 6.1 [4-8] 2.1[0-6] 62 [53-70]

For each corpus, we have 10 problems in the training dataset containing the average number of texts given
under the label “Texts”. The number of distinct authors on average together with the range for each corpus is
indicated in the column “Authors”, and the average with the minimum and maximum number of authors with
only a single document is presented under the label “Single”. Finally, the average number of the terms (isolated
words and punctuation symbols) is given in the column “Terms”. For example, with the English newspaper
collection (training set), 20 texts are written, on average, by 5.6 authors and we can find 1.8 authors who wrote
only one single article. These metrics are not available for the test corpora because the datasets remain
undisclosed because of the TIRA system. We only know that the same combinations of language and genre are
present.

4.1. Evaluation parameters

There are multiple evaluation measures available for clustering tasks. In general, a clustering evaluation
measure can be intrinsic (when the true labels of data are not available) or extrinsic (when true labels of data
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are available). Given that the information about the true authors of the documents are available, our task fits the
latter case. Among a variety of extrinsic clustering evaluation metrics, we opted to use BCubed Precision,
Recall, and the F-score. The latter has been found to satisfy several formal constraints including cluster
homogeneity, cluster completeness, and the rag bag criterion (where multiple unrelated items are merged into a
single cluster). Let d; be a document in a collection (i = 1,..., N). Let C (d_i) be the cluster di is put into by a
clustering model and A (d_i) be the true author of d_i. Then, considering two documents of the collection d_i
and d_j, a correctness function can be defined as follows:

1 if Ad,) A C(d,)=C(d,)

correct(d,,d.) = 3
(G.d,) {O Otherwise ®)

The BCubed precision of a document d; is the proportion of the documents in the cluster of d; (including
itself) by the same author of di. Moreover, BCubed recall of di is the proportion of documents by the author of
di that are found in the cluster of d; (including itself). Let C;be the set of documents in the cluster of di and A;
be the set of documents in the collection by the author of d; BCubed precision and recall of d; are then defined

as follows:
4 o Correction(d;,d;)

Cil
> Correct(d,,d,)

recall(d,) = 2= 7 (5)

precision(d.) =

(4)

Finally, the overall BCubed precision and recall for one collection is the average of precision and recall of
documents in the collection, whereas the BCubed F-score is the harmonic mean of BCubed precision and recall:

.. 1 ..
BCubedprecision = — recision(d. 6
p N i‘,p (dy) (6)

BCubedrecall = % recall(d,) (7

1=1

BCubed precision x BCubed recall
BCubed precision + BCubed recall

BCubed F =2x (8)

Regarding the authorship-link ranking task, we use average precision (AP) to evaluate submissions. This is
a standard scalar evaluation measure for ranked retrieval results. Given a ranked list of authorship links for a
document collection, average precision is the average of non-interpolated precision values at all ranks where
true authorship links were found. Let L be the set of ranked links provided by a submitted system and T the set
of true links for a given collection. If liis the authorship link at i-th position of L then a relevance function,
precision at cutoff i in the ranked list, and AP are defined as follows:

. 1 ifl eT
relevent(i) = 0 otherwise 9)
Zrelevent(j) (10)

precision(i) = <= :
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L
precision(i) x relevent(i)
AP — 1=l (11)
7]

It is important to note that AP does not punish verbosity, i.e. every true link counts even if it is at a very low
rank. Therefore, by providing all possible authorship links one can attempt to maximize AP. In order to show
how effective a system is in top-ranked predictions, we also provide R-precision (RP) and P@10, which are
defined as follows:

R — precision = L‘:l rellzvent(l) (12)

irelevent( j)

P @10 — 1=1 (13)

10

Where R is the number of true authorship links. Focusing on either the top R or the top 10 results, these
metrics ignore all other answers.

For multiple instances of author clustering problems, mean scores of all the above measures are used to
evaluate the overall performance of submissions in all available collections. Finally, submissions are ranked
according to Mean F-score (MF) and Mean Average Precision (MAP) for complete author clustering and
authorship-link ranking, respectively.Table 1 shows the results of train dataset. It is obvious that our method
have high Bcubed recall hence we can say the method clusters the same items almost great in each cluster but
by investigating our method’s Bcubed precision, we can clearly say that the number of cluster or even the way
we measure similarity does not tuned perfectly.Like Table 1, Table 2 results of test dataset, also illustrates high
level of Bcubed recall in most of the problem sets, in contrast with Bcubed precision which is not high as Bcubed
precision. But it is obvious that results obtained from test dataset are better than train data. It shows the ability
of the system to generalize the new problems. But the major defect of the system which is lower Bcubed
precision than that of the recall one still exists.

Table 2. Evaluation for the training corpora

Corpus Precision Recall F1 MAP
EN 0.3533 0..8351 0.4836 0.4029
ER 0.4098 0.8599 0.5332 0.3876
DN 0.3344 0.8905 0.4762 0.4508
DR 0.4464 0.9247 0.5988 0.3310
GN 0.3863 0.8630 0.5316 0.3409
GR 0.3515 0.8725 0.4929 0.3458

Overall 0.3803 0.873 0.521 0.3765

To put those values in perspective, we can see our results in Table 4 in comparison with the other participants
using macro-averaging for the effectiveness measures and showing the total runtime sorted by the final score.
Overall, the method is ranked 2 out of 7 approaches. Generally, there are only small differences in the BCubed
F1 between the participants. Conversely, the MAP shows substantial variations and impacts the final score the
most. The runtime only shows the actual time spent to classify the test set.

On TIRA, there was the possibility to first train the system using the training set which had no influence on
the final runtime. Since we have an unsupervised system it did not need to train any parameters, but this
possibility might have been used by other participants. Overall, we achieve excellent results using a rather
simple and fast approach in comparison with the other solutions.
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Table 3. Evaluation for the test corpora

Corpus Precision Recall F1 MAP
EN 0.5244 0.7539 0.6068 0.4700
ER 0.5751 0.6609 0.5696 0.3876
DN 0.5291 0.7381 0.5860 0.4508
DR 0.5597 0.5428 0.5988 0.3310
GN 0.4865 0.7520 0.5316 0.4451
GR 0.4876 0.6162 0.5021 0.3458

Overall 0.522 0.6773 0.5572 0.4104

Table 4. Comparison results for the test corpora

Rank Method F1 MAP RunTime
1 Gbémez-Adorno et al. (2017) 0.5732 0.4552 00:02:05
2 Proposed Method 0.5572 0.4104 00:00:27
3 Kocher & Savoy (2017) 0.5517 0.3951 00:00:41
4 Garcia et al. (2017) 0.5647 0.3800 00:15:49
5 Halvani&Graner (2017) 0.5488 0.1394 00:12:25
6 Karas (2017) 0.4663 0.1252 00:00:26
7 Alberts (2017) 0.5276 0.0416 00:01:45

As we can see in Table 4, the proposed method is the fastest method compared to other competitors, this
happens because we use simple but effective features combined with fuzzy clustering algorithm and simple
similarity measure. Our method works based on this theory that if we could cluster train document properly and
define efficient cluster heads, a simple similarity as well as complex similarity measure could perform. Results
show that the methods of ours and those of the competitors” do not illustrate perfect F1 measure but at least our
works do not consume large amount of resources to prepare results.

5. CONCLUSION AND FUTURE WORKS

In this research we proposed a simple but effective method to cluster authors and the identified links between
them. We use a set of homogenous features combined with FCM clustering. We determine a number of clusters
automatically. The most important aspect of our method is that we use a number of simple features along with
the automatic clustering procedure which is performed in a very short period of time (the shortest time per
document in comparison with other methods). Results show that our work can compete with the work of other
CLEF 2017 competitors but the low level of precision in our results informs us that, we should focus on the
method to identify authors more accurately. For future works we suggest fellow researchers that they work on
distance measures and use semi-supervised methods like GMM in order to complete the task with higher
performance. Also based on previous works, deep neural networks would be a good approach to follow.
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