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ABSTRACT

In this paper, we provide several alternatives to the classical
Bag-Of-Words model for automatic authorship attribution.
To this end, we consider linguistic and writing style infor-
mation such as grammatical structures to construct differ-
ent document representations. Furthermore we describe two
techniques to combine the obtained representations: combi-
nation vectors and ensemble based meta classification. Our
experiments show the viability of our approach.
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1. INTRODUCTION

1.1 Motivation

Automatic document classification is useful for a wide
range of applications such as organizing Web, intranet or
portal pages into topic directories, filtering news feeds or
mail, focused crawling on the Web or in intranets and many
more [11].

Most of the text classification approaches deal with topic-
oriented classification (e.g., classifying documents into classes
like ”Sports”, ”Politics” or ” Computer Science”). Here the
Bag-Of-Words model, taking just the occurences of words
into account (often using additional techniques like stem-
ming, stopword elimination, and different weighting schemes),
has been shown to be very effective for this task [20, 45].

But these techniques have limitations for other classifica-
tion tasks such as authorship recognition. In this context,
application scenarios include tasks like plagiarism detection
[22], author identification forensics [12], author tracking in
discussion forums [31], or solving problems of disputed au-
thorship for historic documents such as the Federalist prob-
lem [18, 29].

Although in the case of authorship attribution, there oc-
curs also a certain amount of topic and word correlation
(in books written by Doyle we will typically find the names
”Holmes” and ”Watson”, in books written by Christie we
have, e.g., ”Poirot” and ”Marple”), alternative features (e.g.,
features, that do not contain any information about a doc-
ument’s content at all) may become important.

In this paper we study, in addition to some known ap-
proaches (like function words, filtering based on Part-Of-
Speech tagging), several new approaches for feature con-
struction. These include writing style features using syntax
trees, considering constituents, and statistical measures on
tree depths. As a result we obtain different and, to a certain
degree, orthogonal document representations.

‘We combine these representations using two different tech-
niques: combination vectors and meta classification.

1.2 Contribution

The paper makes the following contributions:

e In addition to using some known techniques we de-
scribe several novel approaches for the construction of
document features for authorship attribution.

e We describe two different ways to combine and weight
distinct feature spaces.

e We provide an experimental study of the pros and cons
of a variety of methods.

1.3 Outline

The rest of the paper is organized as follows. In Section 2
we briefly review the technical basics of automatic classifi-
cation and some linguistic basics. In Section 3 we describe
different feature representations of documents. Combina-
tion methods for different document representations are de-
scribed in Section 4. Section 5 presents experiments on a
dataset based on Project Gutenberg [1]. Finally, in Section
6 we discuss related work in comparison to our own research.

2. TECHNICAL BASICS

2.1 Machine Learning

Classifying text documents into thematic categories usu-
ally follows a supervised learning paradigm and is based
on training documents that need to be provided for each
topic. Both training documents and test documents, which
are later given to the classifier, are represented as multi-
dimensional feature vectors. In the prevalent bag-of-words
model the features are derived from word occurrence fre-
quencies, e.g. based on tf*idf feature weights [6, 26]. Of-
ten feature selection algorithms are applied to reduce the
dimensionality of the feature space and eliminate “noisy”,
non-characteristic features, based on information-theoretic
measures for feature ordering (e.g., relative entropy or in-
formation gain).



The resulting compact feature vectors are used to derive a
classification model for each topic, using probabilistic (e.g.,
Naive Bayes) or discriminative models (e.g., SVM). Linear
support vector machines (SVMs) construct a hyperplane
W - Z+ b = 0 that separates the set of positive training
examples from a set of negative examples with maximum
margin. This training requires solving a quadratic optimiza-
tion problem whose empirical performance is somewhere be-
tween quadratic and cubic in the number of training docu-
ments and linear in the number of features [9]. For a new,
previously unseen, document d the SVM merely needs to
test whether the document lies on the “positive” side or the
“negative” side of the separating hyperplane. The decision
simply requires computing a scalar product of the vectors
and d. SVMs have been shown to perform very well for text
classification (see, e.g., [14, 19]).

2.2 Linguistic Basics

For the understanding of techniques described below, we
introduce some basic concepts. Further details will be pro-
vided later when needed. Consider a set X of tags for lin-
guisitic corpus annotation (e.g. the Penn-Treebank-Tagset
[27]). Let s be a sentence and T, := (V, E,o) an ordered
tree with a set of nodes V, a set of edges F and a labeling
function o : V' — X, that assigs a label [ € ¥ to each node
of the tree. We call T the syntax tree of sentence s. T is
the tree representation of a probabilistic contextfree gram-
mar (PCFG). A PCFG is a contextfree grammar enriched
by transition probabilities for each rewriting rule ([26]). For
example, consider Figure 1. There, the sentence Next, he
examined the framework of the door we had broken in, as-
suring himself that the bolt had really been shot. is repre-
sented as a syntax tree. The leaves of the tree represent the
words themselves, i.e. terminal symbols, where the higher
nodes represent the PCFG Tags, i.e., non terminal symbols.
Non-terminals can be subdevided into other non-terminals
or terminals, e.g. NP (a noun phrase) into DT (determiner,
an article) and NN (a noun in singular case) and NN into
”framework”. Intuitively, a syntax tree represents the struc-
ture of a sentence, and, in some way, the writing style of an
author, which we use for feature construction as described
in Section 3.4.

3. CONSTRUCTION OF FEATURES
3.1 Word-Based Features

Using word based features is the most popular and, de-
spite of its simplicity, very effective feature construction
method. We briefly describe several variants from the liter-
ature, that we will consider as a baseline for other methods.

3.1.1 Bag-Of-Words

In the Bag-Of-Words approach the ordering of the words
is not considered. Optionally a stopword list can be used
to eliminate very common terms like articles, prepositions,
etc. Often additional techniques like stemming [35] are ap-
plied to the words. There are different options to construct
feature weights: taking the absolute or relative frequency
of term occurrences as compontents, constructing a binary
feature vector by just considering the pure occurrence of
a term, computing the tf*idf values of the terms, etc. [30,

37]. Because it is the state-of-the-art method for feature
construction in automatic document classification we will
consider Bag-Of-Words as baseline for our experiments.

3.1.2 Function Words

In case of authorship attribution it can make sense to use
” content-free” features, i.e., terms, that do not contain infor-
mation about the document’s content such as prepositions,
pronouns, determiners etc. These terms are called function
words (see e.g. Diederich et. al. [13]). In our implementa-
tion we regard as function words all words other than nouns,
verbs and adjectives.

3.1.3 POS Annotation

In this approach, the part of speech (POS) group of the
words (e.g. verb, noun, adjective) is taken into account [33].
This can be used to filter documents, e.g., by considering
only nouns or verbs. POS is also used for simple disam-
biguation, e.g., by distinguishing the verb ”book” from the
noun ”"book”.

3.1.4 Feature Selection

The idea of feature selection is to just take the most dis-
criminating features into account. Intuitively a well discrim-
inating term for two classes A and B occurs frequently in
documents of class A and infrequently in documents of class
B or vice versa. Examples of feature selection measures are
Mutual Information, Information Gain, and Chi Square [46].

3.1.5 Semantic Disambiguation

Here a thesaurus, e.g. Wordnet [15], is used to disam-
biguate terms (treating synonyms like ”automobile” and
7car” as the same feature). In some approaches also more
complex relationships between words are taken into account

(36, 38].
3.2 Using Linguistic Constituents

The structure of natural language sentences shows that
word occurrences follow a specific order, called word order.
Words are grouped into syntactic units, constituents, that
can be deeply nested. Such constituents can be detected
by their being able to occur in various positions and show-
ing uniform syntactic possibilities for expansion (see [26]).
Consider again the sentence Next, he examined the frame-
work of the door we had broken in, assuring himself that
the bolt had really been shot. and its syntax tree repre-
sentation in Figure 1. In particular, consider the part he
examined the framework. This part is a constituent of the
sentence with sub-constituents, e.g. “the framework”. The
sub-constituents can change their positions inside the bigger
constituent. Just considering that specific part, he examined
the framework has the same meaning as the framework he
ezamined. We can use this information about the word rela-
tionships by extracting constituents for feature construction.
To this end, we first subdivide the document into sentences,
and then construct a syntax tree as shown in Figure 1 for
each sentence (note that the grey-boxed parts belong to an-
other technique, the writing style, described in 3.4). In our
framework, we use the Connexor Machinese Phrase Tag-
ger [41] to subdivide a document into sentences and Lex-
parser [2] to build the syntax trees. We define a minimal
and maximal length, min and max, of the constituents that
we want to use for feature construction.



The simplest way to construct features would be to just

concatenate the features inside a constituent using an ap-
propriate separation character (e.g. 7$”).
From our example sentence, this would result features such
as heSexamined$the$ framework. But such very specific
features may occur very rarely in the document corpus. To
obtain more ”common” features a combination of some of
the following options is applied:

e Performing stemming and stopword elimination on the
words contained in a constituent.

e Abstracting from the ordering of words by putting the
words into lexicographic order.

e Instead of a feature x1$z28$ . . . $x,, consider pairs z;$z;
or triples contained in the constituents (bi- and tri-
grams).

e Perform a feature selection on the constituent-features
themselves. This can be done completely analogously
to the feature selection for simple words.

In Section 5, we provide experiments on using whole con-
stituents with stemming and stopword-elimination as well
as using bigrams (also stemmed and stopword-cleaned).

3.3 Functional Dependencies

Functional dependencies represent relational information
in sentences. Consider again a part of the sentence used in
Figure 1, he examined the framework of the door. Here, he is
the subject (agent) and framework and door are the objects
of the predicate ezamined (action). We used the Connexor
Machinese Syntax [41] to determine such dependencies. Our
features have the form

z18228 ... $zp (1)

where z1 is the subject of an action, z2 is the predicate
and x3 through x, are the objects. To obtain a canonical
form, words are reduced to their base forms, using Connexor
Machinese Phrase Tagger [41], and objects are sorted in lex-
icographic order. In our example case, we get the feature
he$examine$door$ framework.

3.4 Writing Style: Using Syntax Trees

Different authors may construct sentences in their writ-
ings in a completely different way. The idea is to consider
a syntax tree representation of their sentences as features.
In the extreme case we could encode the whole tree into a
string; but this would result in very sparse feature spaces.
Instead we should restrict ourselves to nodes up to a cer-
tain maximum tree depth. In our experiments we observed
that considering just the children of the root nodes of sen-
tences and sub-clauses (labeled with S) provides us already
with interesting features. So our example tree in Figure 1
could be encoded into the features ADV P$, SNP$V P, VP,
and two times NP$V P (emphasized by the grey boxes).
Note that this method does not use any word information
at all. Table 1 shows the top-5 features for the authors
A. C. Doyle and R. Burton according to their mutual in-
formation values (we considered only books available from
the Gutenberg Project [1]; see Section 5 for details). We
do not apply any kind of filtering mechanism to the struc-
ture features such as removing punctuation marks. Exper-
iments showed that those marks provide interesting infor-
mation about the sentence structure. Note, that ”,” in the

feature ADV P$, $ N P$V P represents an annotation tag for
a word phrase in the syntax tree, not the comma itself.

A.C. Doyle R. Burton
Feature MI Feature MI
S$,$CC3SS. 0.23 || S$:$S 0.26
PPSNP$VPS$. 0.16 || S$CCS$S 0.23
SBARS,SNPSVPS. 0.14 || X$X$NPSVP | 0.21
SBARS$,$XSNPSVPS. | 0.13 || S$:$S$. 0.20
PP$.SNPSVPS. 0.11 || S$:3CC$S 0.18

Table 1: TOP 5 MI Features by Writing Style

3.5 Syntax Tree Depth

Other research discovered the benefit of sentence length
as feature either by computing the average sentence length
[12, 13], or by using histograms over the sentence length [42].
Another simple but, to our knowledge, novel approach to
distinguish different writing styles is to consider the depth
of the syntax trees in the documents. We consider two ap-
proaches.

3.5.1 Statistical Moments

Statistical Moments are one way to characterize a distri-
bution. The k-th moment of a random variable X is defined
as E(X"). The expression F([X — E(X)]*) is called the k-th
central moment of X.

For a given document d, containing n sentences (and so n
trees), we can approximate the k-th moment and the k-th
central moment as follows:

B = 3 2
and
B(X - B0 =2 X - B0 @)

where z; is equal to the syntax tree depth of the i-th sen-
tence of document d. Note, that E(X) is known as the
expectation value and E([X — E(X)]?) the variance of the
random variable X.

The values for different k£ vary in their order of magni-
tude. To avoid an overestimation of higher moments we
introduce a normalization by taking the k-th root of the k-
th moment. For the construction of the feature vectors we
consider the first three moments and the second and third
central moments 2. Thus we can represent our document d
as the following vector:

(BCO,VBER?), V/BX),
VE(X = ECOP), VE(X — EXP)) (4)

3.5.2 Histogram Approach

The most common form of a histogram is obtained by
splitting the range of the data into equal-sized bins (called

!The fact that the central moment is not perfectly unbiased
is not an issue for large n.

2The first central moment, E([X — E(X)]), is equal to 0.
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Figure 1: PCFG-Tree and Writing Style Features

classes). Then for each bin, the number of points from the
data set that fall into the bin are counted [3].

In our scenario the data consists of the syntax tree depths
of a document d. The value assigned to a bin is the number
of trees within a certain range of depth (for example all trees
of depth 10 to 12). Let b(¢) be the value of the i-th bin. As
components of the feature vector for document d we consider
these values normalized by the overall number n of trees in
d and obtain the following vector:

(P (5)

n n

We used 5 as concrete bin-size in our implementation. Fig-
ure 2 shows a comparison between the tree depth distri-
butions for the authors A. C. Doyle and R. Burton (again
books from Gutenberg Project [1], see cpt. 5) in the form
of histograms.
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DOBurton

0.5

0.4

frequency
o o
) w

o

F

1-5 6-10 11-15 16-20 21-25 26+
buckets

Figure 2: Tree Depth Histogram for two Authors

4. COMBINING FEATURES

In the previous section we have described several different
document representations, providing us with different kinds
of information about content and style. In this section we
describe two approaches to put these pieces of information
together.

4.1 Combination Vectors

The idea of combination vectors is to merge the vectors
obtained by different document representations into a single
vector. This can be done by the concatenation of feature
spaces. More precisely we are given k vector representations

01(d), - .., Uk(d) (6)
for document d with
0i(d) = (vir(d), - .., vim, (d)) (7)

where m; is the size of the feature space for the i-th repre-
sentation.

These vectors can be combined into a combination vector

as follows:
(Un(d) Vim, (d) vk (d) Vi, (d)

n1 ooy ng ng

) ®

Here the values n; are normalization constants. The ratio-
nale for this normalization is that strong variations between
the order of magnitude of the components of the feature
vectors might occur (this holds, e.g., for Bag-of-Words vs.
moments of syntax tree depth distributions). We choose
the normalization constants such that the average compo-
nent value is the same for all subspaces corresponding to the
original feature spaces. Formally, for a document set D, we
choose the constants n; such that the following requirement
is satisfied:

niml > ivu(d) = nii > Zvﬂ(d)

deD I=1 35 4eD 1=t
for all 4,5 € {1,...,k} 9)

We can assign one of the n; an arbitrary value (say n1 =
1); then the other normalization constants can be computed
by elementary transformations of equations 9.

4.2 Meta Classification

For meta classification we are given a set V = {v1,..., v}
of k binary classifiers, obtained by supervised learning based
on the features for distinct document representations, with
Results R(v;,d) in {+1,—1,0} for a document d, namely,
+1 if d is accepted for the given topic by v;, -1 if d is re-
jected, and 0 if v; abstains. We can combine these results
into a meta result: Meta(d) = Meta(R(vi,d), ..., R(vg,d))



in {+1,—1,0} where 0 means abstention. A family of such
meta methods is the linear classifier combination with thresh-
olding [39]. Given thresholds ¢; and t2, with ¢1 > ¢2, and
weights w(v;) for the k underlying classifiers we compute
Meta(d) as follows:

+1 if Z?:l R(Ui,d) . 'LU(UZ') >t
Meta(d) = { —1 if Y1 R(vi,d) -w(v) <t (10)
0 otherwise

This meta classifier family has some important special cases,
depending on the choice of the weights and thresholds:

1) voting [8]: Meta returns the result of the majority of the
classifiers.

2) unanimous decision: if all classifiers give us the same
result (either +1 or -1), Meta returns this result, 0 otherwise.
3) weighted averaging [43]: Meta weighs the classifiers by
using some predetermined quality estimator, e.g., a leave-
one-out or k-fold-crossvalidation estimator for each v;.

The restrictive and tunable behavior is achieved by the
choice of the thresholds: we dismiss the documents where
the linear result combination lies between ¢; and t2. For real
world data there is often a tradeoff between the fraction of
dismissed documents (the loss) and the fraction of correctly
classified documents (the accuracy). The idea of restrictive
classification is to classify a subset of the test documents,
but to do so with a higher reliability.

If a fixed set U of unlabeled documents (that does not
change dynamically) is given, we can classify the documents
with a user-acceptable loss of L as follows:

1. for all documents in U compute their classification con-
fidence 3.7 | R(vi,d) - w(vs)

2. sort the documents into decreasing order according to
their confidence values

3. classify the (1—L)|U| documents with the highest con-
fidence values according to their sign and dismiss the
rest

In our experiments we assigned equal weights to each clas-
sifier, and instead of R(vs,d), we considered a ”confidence”
value conf(v;,d) for the classification of document d by the
classifier. For SVM we considered the SVM scores, i.e., the
distance of the test points from the hyperplane. A more
enhanced method to map SVM outputs to probabilities is
described, e.g., in [34].

5. EXPERIMENTS
5.1 Setup

For the validation of the presented techniques, we con-
sidered a literature data set obtained from the Gutenberg
Project [1], a volunteer effort to digitize, archive, and dis-
tribute cultural works. We selected 10 English and Amer-
ican authors with a sufficient number of books (listed in
Table 2). For each author we divided each book into parts
with 20 paragraphs and stored each part as a document in
the database. From these documents, we randomly choose
600 per class for our experiments. We divided these docu-
ments, that we obtained for each author a training set (100
documents) and an evaluation set (500 documents).

For our experiments we considered binary classification on
all 45 possible pairs of authors (e.g. ”Burton” vs. ”Dick-
ens”). For every pair we chose T € {20, 40, 60, 80,100} doc-
uments from the authors’ training sets as positive and the

same number of documents as negative samples. The classi-
fication was performed on the union of both evaluation sets.

Then, we computed the micro-averaged error, i.e. the ra-
tio of incorrectly classified documents to all test documents.
For restrictive meta classification we considered in addition
the loss, the fraction of documents dismissed by the restric-
tive classifier. Additionally, we computed the 95 percent
confidence interval for the error.

We compared the following methods for feature construc-
tion:

1. word based features

(a) Bag-of-Words using porter stemming and stop-
word elimination - see Section 3.1.1 (BoW)

(b) Function words - see Section 3.1.2 (FW)

(¢) Part of Speech extraction of nouns and verbs; an-
notation with Connexor Machinese Phrase Tag-
ger, using base forms of words constructed by
Connexor - see Section 3.1.3 (N&V)

(d) n-grams within constituents; using the Stanford
Lexparser, considering constituents of each sen-
tence represented as PCFG-tree - see Section 3.2
(Constit.)

2. structure based features

(a) functional dependencies using Connexor Machi-
nese Syntax for dependency tagging - see Section
3.3 (FunctDep)

(b) writing style using the Stanford Lexparser - see
Section 3.4 (Style)

(c) histograms for syntax tree depth distribution - see
Section 3.5.2 (Hist.)

3. combination vectors using Bag-of-Words, writing style,
and tree depth histograms - see Section 4.1 - (Combi)

As classification method we chose standard linear SVM with
parameter C' = 1000.0. We used the popular SVMlight im-
plementation [19].

5.2 Results

In our first experiment we compared the classification re-
sults of the different feature construction methods and their
combination (see Table 3, Figure 3 for a chart representation
of Bag-of-Words - the best base classifier - vs. combination
methods). As meta method we used a simple unanimous
decision (Unanimous Decision) classifier with base clas-
sifiers based on Bag-of-Words, writing style, and tree depth
histograms.

In a second experiment we took the confidence values for
classification into account and induced different loss values
for the meta classification as described in Section 4.2 (Ta-
ble 4 and Figure 4).

The main observations are:

e The stylistic features work significantly better than
random; nevertheless Bag-Of-Words provides us with
better results. Obviously, in the Gutenberg corpus
there is a high correlation between authors and top-
ics as well as distinct word pools.



Author # Books | # Test Documents

Richard Burton 49 7425
Charles Dickens 55 7869
Arthur Conan Doyle 40 3473
Henry Rider Haggard 55 6882
George Alfred Henty 60 7169
Jack London 38 3566
Edgar Allan Poe 7 636
William Shakespeare 89 4025
Robert Louis Stevenson 45 6451
Mark Twain 129 9087

Table 2: Authors used from Gutenberg Corpus
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------ Combi
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— — —-Unanimous Decision
« 0.10
g
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0.00 T T T T
20 40 60 80 100
size training set

Figure 3: Comparison: Bag-of-Words and Combi-
nation Techniques on the Gutenberg Corpus

e By combining Bag-Of-Words with the alternative fea-
tures, we obtained significant improvements. For com-
bination vectors we have especially improvements for
a low number of training documents. With restrictive
meta methods we accept a certain loss, but obtain a
much lower error on the remaining documents.

6. RELATED WORK

There is considerable prior work about alternatives to
the Bag-Of-Words approach for document classification [28].
These include: using Part-Of-Speech (POS) tags (”verbs”,
”nouns”, ”adjectives”, etc.) [33] either for disambiguation or
for feature selection, using a thesaurus like Wordnet [15] for
feature construction [38, 36], and feature selection based on
statistical measures like Mutal Information or Information
Gain [46]. N-grams of characters are popular for distinguish-
ing different languages [10, 7]; also word based n-grams and
phrases were examined for the text classification task [40,
24].

The problem of authorship attribution is different from
the classical topic based classification task. Here, stylomet-
ric features may become important [17]. Baayen et. al. [4]
show the occurrence of some kind of ”stylistic fingerprint”
for authors by considering a text corpus produced by student
writers of different age and education level. They use the
most frequent function words and apply principal compo-
nent analysis (PCA) as well as linear discriminant analysis

0.18

0.16 q

0.14 4

0.12 1 —0—T=20
—&— T=40

0.1+ —0— T=60
—o— T=80

0.08 —— T=100
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0.04 1

error

0.02 4

0% 10% 20% 30% 40% 50% 60% 70% 80% 90%

loss

Figure 4: Comparison: Classification Results for Re-
strictive Meta Classification on the Gutenberg Cor-
pus

Loss | T=20| T=40 | T=60 | T=80 | T =100
0 % 0.165 0.111 0.083 0.073 0.044
10 % 0.146 0.092 0.069 0.058 0.033
20 % 0.130 0.079 0.058 0.048 0.027
30 % 0.114 0.068 0.048 0.039 0.021
40 % 0.099 0.059 0.040 0.032 0.017
50 % 0.086 0.049 0.033 0.025 0.014
60 % 0.075 0.043 0.028 0.021 0.011
70 % 0.064 0.038 0.023 0.016 0.008
80 % 0.053 0.034 0.019 0.013 0.008
90 % 0.039 0.030 0.016 0.010 0.009

Table 4: Error for Different User-Provided Loss
Values using a Meta Classifier with BoW, Writing
Style, and Functional Dependencies on the Guten-
berg Corpus

(LDA).

Diederich et al. [13] present a study on authorship attri-
bution with Support Vector Machines. Their feature set
consists of ”full word forms” (in fact Bag-Of-Words) and
so called tagwords, a combination of function words and
grammatical information. Here, simple Bag-Of-Words out-
performs their combination techniques with more enhanced
linguistic features, in contrast to our combination vectors
and meta methods.

In [5], Baayen et al. present a methodological study on
the usefulness of stylometry-based features. They investi-
gate features related to the writing style technique described
above, taking grammatical rewriting rules derived from syn-
tax trees into account.

The identification of unique users among a set of on-
line pseudonyms using features such as simple words, mis-
spellings, punctuation etc., is described in [31]. De Vel’s
work [12] deals with the exploration of style based features
for identification of email authors. They use features such
as style markers (average sentence or word length, total
number of function words, vocabulary richness, etc.) and
structural attributes (availability of signatures, number of
attachments, etc.).

There are also several alternative learning paradigms for
authorship attribution, e.g., Khmelev and Tweedie [21] con-



BoW FW N&V Style | FunctDep Hist. | Constit. | Bigrams
’ T ‘ error error error error ‘ error error error error ‘
20 0.164 0.354 0.225 0.186 0.171 0.299 0.356 0.458
+0.0034 | 4+0.0044 | £+0.0039 | £0.0036 +0.0035 | 40.0042 40.0044 +0.0046
40 0.110 0.240 0.159 0.138 0.123 0.278 0.279 0.390
+0.0029 | 4+0.0039 | 4+0.0034 | £0.0032 +0.0030 | 4+0.0041 40.0041 +0.0045
60 0.083 0.177 0.096 0.123 0.123 0.273 0.245 0.323
4+0.0026 | £0.0035 | £0.0027 | 40.0030 +0.0030 | 4+0.0041 40.0040 +0.0043
80 0.073 0.147 0.084 0.114 0.116 0.275 0.221 0.285
4+0.0024 | £0.0033 | £0.0026 | 40.0029 +0.0030 | 40.0041 40.0038 +0.0042
100 0.044 0.115 0.065 0.103 0.089 0.272 0.204 0.230
4+0.0019 | £0.0030 | £0.0023 | 40.0028 4+0.0026 | +0.0041 4+0.0037 +0.0039
Meta
Combination | Unanimous Decision
T error error | loss
20 0.142 0.059 0.482
+0.0032 +0.0016
40 0.092 0.037 0.399
+0.0027 +0.0014
60 0.074 0.035 0.362
+0.0024 +0.0013
80 0.065 0.033 0.349
+0.0023 +0.0013
100 0.040 0.017 0.345
+0.0018 +0.0010

Table 3: Error for Classification based on Different Features and their Combination on the Gutenberg Corpus

sidering learning models for authorship attribution tasks us-
ing Markov chains of characters, or Oakes [32] using a kind of
swarm intelligence simulation technique called Ant Colony
Optimization.

Combination vectors are used for authorship attribution
(e.g. [42, 23, 13]), but neither explicit component weight-
ing nor normalization are considered. The machine learning
literature has studied a variety of meta methods such as
bagging, stacking, or boosting [8, 44, 25, 16], and also com-
binations of heterogeneous learners (e.g., [47]). But, to our
knowledge, meta classification was not applied in the con-
text of authorship recognition.

7. CONCLUSION AND FUTURE WORK

In this paper we described classification with different doc-
ument representations. In addition to well known features
like document terms in the Bag-Of-Words model, POS tag-
ging, etc., we considered alternative stylistic features like the
depth or the structure of syntax trees. We combined the
feature representations using two techniques: 1) combina-
tion vectors, where we constructed a single vector from the
different feature vectors with automatically normalizing the
combination vector’s components so that the average com-
ponent value is the same for all subspaces, 2) meta methods
combining the classification results based on the different
representations into a meta result. Our experiments on the
author recognition task show that our new features are suit-
able for discriminating different styles and, used within com-
bination techniques, lead to significant improvements of the
classifier performance.

Our ongoing and future work includes a number of rela-
tively obvious directions like 1) the improvement of existing
and the construction of new alternative features, 2) appli-
cation of different feature spaces and their combination for
clustering, 3) the use of enhanced features for expert queries
in specialized search engines.
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