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Abstract—The paper deals with the writing style determi-
nation problem. The method designed is based on re-sampling
approach and its performance depending on the parameter values
is studied. A text is represented as a sequence of characters gen-
erated by distinct probability sources. A re-sampling procedure
is applied in order to obtain samples from the texts. To check if
samples are drawn from the same population a KNN-based two-
sample test is used. Numerical examples if different languages
are provided, showing the high potential of the method.

I. INTRODUCTION

In this paper the problem of writing style determination
is studied. Writing style refers to a manner in which the
author writes. It can be expressed as a set of distinctive words,
grammatical structures, or any other quatifiable characteristic
that makes the piece of writing unique [1]. The problem of
determination the author of an unassigned text based on the
writing style is a part of more broad range of tasks called
authorship attribution (AA).

Authorship analysis becomes a promising area of research
due to the increasing amount of real-world electronic texts, like
blogs, posts in social networks, emails etc. Various applications
include criminal and civil law (digital evidence investigations,
copyright disputes [7]), computer security (authorship identi-
fication of source code) as well as literary studies (attributing
works of unknown or disputed authorship). The development
of new computational methods for AA remains topical. The
techniques of control theory can be effectively applied to the
creation of new methods for data mining and computational
intelligence [2].

The AA techniques cope with such attribution problems
as author verification (i.e., to decide whether a given text
was written by a certain author) [3], plagiarism detection
(i.e., to assess similarity of two texts) [4], author profiling
or characterization (i.e., to provide information on the age,
education, sex, etc., of the author of a given text) [5] and
others.

We examine the problem of writing style determination by
a comparison of the 'randomness’ of two given texts. One
of the tools, applicable to this purpose, is the two-sample
test intended to check if two given samples are drawn from
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the same population. The Kolmogorov-Smirnov (KS) test is a
classical approach for this case.

The normal distribution cannot be confidently set as the
limit one in this problem because a text written by co-authors
does not appear to be generated by a single random source.
To stabilize the generative process we apply the following
multistage procedure. First, we evaluate the null hypothesis
distribution, assuming coincidence of the considered writing
styles, by comparing samples drawn from the text. Then,
samples drawn separately from different texts are mixed in
order to get the appropriate p-values calculated with respect
to the constructed null hypothesis distribution. In the case
of the identical writing styles these p-values are uniformly
distributed on the interval [0,1]. We compare the obtained
p-values distribution with the uniform one by means of a
univariate two-sample K S-test.

We continue the reseach started in the paper [6] and study
the effectiveness of the algorithm varying the parameter values.
The method was applied to Russian texts for the first time.

The article is organized as follows. Section II-A gives
an overview of Two-Sample Test methodology. Section II-B
presents the sampling and comparing algorithms. The results
of numerical experiments are shown in Section III, followed
by Conclusions and Future work discussion.

II. METHOD
A. Two-Sample Test Methodology

Two-sample hypothesis testing is a statistical analysis ap-
proach developed to examine if two samples of independent
random variables in the Euclidean space RY have the same
probability distribution function. In mathematical notation,
let X = X1,X9,.,X,, and ¥ = Y1,Y,,...Y, be two
independent random variables with distribution functions F'
and G that are unknown. A two-sample problem consists in
testing the null hypothesis

Hy : F(z) = G(z)
against the alternative

H, : F(z) # G(x).
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Kolmogorov—Smirnov test [8], [9] is common and general
nonparametric method for testing the equality of continuous
one-dimensional probability distributions. The Kolmogorov—
Smirnov statistic

D = sup |F(z) - G()]

measures the distance between empirical distribution functions
F(x) and G(x) of two samples. As the test is asymptotically
distribution-free, the test statistic distribution is independent of
the underlying distributions of the data for sufficiently large
samples. The test is applicable to comparison of a sample and
a reference probability distribution (so-called one-sample K S-
test). In this instance, the K S-statistic quantifies a distance be-
tween the empirical distribution function of the sample and the
cumulative distribution function of the reference distribution.

Numerous tests have been designed for multivariate case.
A survey of nonparametric tests and a comparative study
are presented in [10] and [11]. Multivariate generalization of
Smirnov test is given in [12]. The two-sample energy test [13]
is also successful in multidimensional applications.

A two-sample test statistic is intended to describe mingling
quality of items belonging to two disjoint i.i.d. samples S
and S . We can measure the mixture merit by means of K-
nearest neighbors fractions of the samples quantified at each
point. Obviously, these proportions are approximately equal
if the samples are well mixed. Cluster validation has been
considered from this point of view in the paper [14].

Let | - | denote a fixed but arbitrary norm in R? and set

o

where [ = m + n is the total sample size. The r-th nearest
neighbor to Z; is that point Z; satisfying |Z, — Z;| < |Z;— Z;]
for exactly » — 1 values of v, 1 <v <, v #1,j.

X
Yiom

1 <1< m,
m+1<i<l|,

K -nearest neighbors type coincidences model in the current
paper deals with the statistic:

Tk ($1US) = Y > I

z€S1USy r=1

2 and r-th neighbor
belong to the same sample

)

which represents the number of all K nearest neighbors type
of coincidences.

Asymptotic behavior of this statistic has been studied in
[15]. In fact, the asymptotic normal distribution can barely
be applied in the comparison of two real texts owing to the
inherent heterogeneity. The null hypothesis law still can be
simulated in the spirit of the bootstrap methodology (see,
e.g. [16]). Construction of an empirical distribution of the
pooled samples indirectly imply their identical underlying
distributions under the null hypothesis. At the same time, when
these distributions are actually different, the above procedure
(using just ’prior mixing’) can produce a distorted distribution.
Due to this reason we precise the inference process by means
of the procedure described below.
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B. Algorithm

To implement our approach we transform the considered
texts into two binary files, Fy, Fy and set Fy = Fy U Fy .
We aim at distinction between the distributions of these files
using a re-sampling procedure that is an essential part of the
method reflecting the sources structure. Samples are formed
by means of N-grams as connecting sequences of N symbols
from a text as shown in Algorithm 1.

Algorithm 1 Sampling procedure

Require:
e [ —text file;
e N — attribute (N-gram) size;
e num_attr — number of attributes in a vector (vector
dimension);
e num_vector — number of vectors in a sample(

sample size).
repeat num_vector times

1)  Generate a random number — the starting position
for a vector in a file;
2)  Construct a vector of num_attr sequential at-

tributes.

As was mentioned above the normal distribution rarely
appears to be the null hypothesis distribution in the consid-
ered problem. So the probability law is evaluated using the
bootstrapping methodology by repeatedly drawing pairs of
samples without replacement from Fj. Then the values of the
Tk test statistic are calculated. At the next step the p-value
is evaluated for each statistic value with respect to the null
hypothesis distribution obtained in the previous step. If the
null hypothesis is correct then the files cannot be distinguished,
this distribution is the uniform one on interval [0, 1]. We test
such a hypothesis again by means of a one-variate two sample
test and consider each one of these assessments as a Bernoulli
trial. According to our perception two texts are different by
their inner style if the fraction of the rejections in a Binomial
sequence of these trials is significantly bigger than 0.5.

Comments Regarding the Algorithm

1)  Empirical p-values in the line 15 of the Algorithm 2
are calculated as follows:

num_perm

>

I(‘/perm > Uz)
perm=1

PV UZ = )
( ) num_perm

where ¢ = 1 : num_perm.

The null hypothesis is rejected in the line 16 if the p-
value provided by the one-sample K S-test is smaller
than thresholdkgs.

In the line 18 we use the one-sample z-test to
determine whether the hypothesized proportion of
the rejections in the sequence {h;ter} is significantly
bigger than 0.5. For this aim the following p-value is
calculated:

2)

3)

)
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Algorithm 2 Main algorithm
: LCtF():FlUFQ
. for iter = 1 : num_iter do
for perm =1 : num_perm do
F = random_permutation(Fy);
S1 = Sample(N, num_attr, num_vector, F');
Sy = Sample(N, num_attr, num_vector, F');
Calculate  Vperm = Tk (51U S2);
end for
Construct an empirical Py distribution of {Vjerm}
perm = 1 : num_perm;
for perm = 1: numpyerm do
S1 = Sample(N, num_attr, num_vector, Fy);
Sy = Sample(N, num_attr, num_vector, Fy);
Calculate:  Uperm = T (S1 U S2);
end for
Calculate PV (U;) , i = 1 : num_perm with respect
to PO;
Compare PV with the uniform 2/{0,1} and obtain
hiter = 1 if Hy is rejected and h;e,r = O otherwise;
: end for
: Test hypothesis that the fraction of the rejections in the
sequence {hjter}, iter = 1 : num_iter is smaller than
threshold.
: If this hypothesis is rejected = the styles of F; and Fb
are accepted as different.

A A A o e

where @ is the cumulative function of the standard
normal distribution, and

sum({hiter })

P = .
num_perm

The null hypothesis is rejected if pp < threshold.

III. NUMERICAL EXPERIMENTS

We provide numerical experiments in order to demon-
strate the capability of the proposed method. We performed
evaluation with various parameter values and measured the
execution time of the comparisons. The preprocessing consists
in removing all spaces in a text file.

A. Comparison of English texts

For this experiment two novels written by American au-
thors whose literary friendship was notable were taken. The
first file is The Great Gatsby by F. Scott Fitzgerald (denoted
as F). The second one is novel A Moveable Feast by E.
Hemingway (denoted as H).

The following tables show the values of pp (1). Here and
in all future tables the sources used for the null hypothesis
generation (F) in the Algorithm 2) are placed in the first
column. The styles of two files are believed to be different
if the null hypothesis is rejected, i.e. pp < threshold.

The increase of the number of attributes and the sample
size leads to the improvement of the results yet it takes more
time to compute.

In case of num_attr 8, num_vector 16 the
algorithm completely fails to distinguish the two files while
it still correctly marks identical styles.
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TABLE 1. COMPARSION WITH num_attr = 8, num_vector = 16,

AVERAGE TIME 92.6 SEC

F
0.99
0.76

H
0.99
0.99

F
H

TABLE II. COMPARSION WITH num_attr = 16, num_vector = 32,

AVERAGE TIME 96.4 SEC

F
0.99
0.01

H
0.07
0.99

In case of num_attr = 16, num_vector 32, the
null hypothesis was incorrectly not rejected only once. The
accuracy of the result enhanced.

TABLE III. COMPARSION WITH num_attr = 32, num_vector = 64,

AVERAGE TIME 107.8 SEC

H
0
0.99

F
H

0.99
0

At the point of num_attr = 32, num_vector = 64 the
method succeds to recognize different files and identify the
identical books. The further augmentation of the values doesn’t
affect the result while the execution time rises considerably.

TABLE IV. COMPARSION WITH num_attr = 64,
num_vector = 128, AVERAGE TIME 130.5
F H
F | 0.99 0
H 0 0.99

B. Comparison of Russian texts

We conducted experiments on Russian texts as well. We
chose authors of different epochs (XIXth, XXth and XXIth
centuries) since intuitively their works should differ consider-
ably.

The list of compared literary works:

e Demons by EM. Dostoevsky

e The Brothers Karamazov by EM. Dostoevsky
e  The Luzhin Defense by V.V. Nabokov

e nvitation to a Beheading by V.V. Nabokov

e  Generation 11 by V.O. Pelevin

e  The Life of Insects by V.O. Pelevin

The comparisons were made with the folowing parameter
values: num_iter 50, N = 32bit, num_attr 16,
num_vector 32, num_perm 50, K 10 and
threshold = thresholdxs = 0.05.

The null hypothesis was incorectly not rejected in case of
comparing Nabokov’s Invitation to a Beheading with novels
by F. M. Dostoevsky (marked as bold in Table V). This fact
is caused by the big difference in the file sizes.

The examples of Tk -statistic values are given in Figure 1
(comparison of Nabokov and Pelevin) and Figure 2 (compar-
ison of 2 works by Dostoevsky). Recall, Vje,p, is calculated
for samples from mingled file Fy, while Uy, is calculated
for samples from F; and F5.
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TABLE V. COMPARISON OF RUSSIAN TEXTS
Dost 1 Dost 2 Nab 1 Nab 2 | Pel Pel 2
Dost 1 1 0.99 0 0.99 0 0
Dost 2 0.99 1 0 0.76 0 0
Nab 1 0 0 1 0.12 0 0
Nab 2 0.99 0.76 0.12 1 0 0
Pel 1 0 0 0 0 1 0.07
Pel 2 0 0 0 0 0.0 1
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Fig. 1. The values of Vperm and Uperm in case of different styles

IV. CONCLUSION

We presented a new re-sampling method designed to disern
texts having different writing styles. The method is based on
comparison of empirical distributions constructed for the two-
sample K S-test statistic for samples drawn from the same
source and different ones. The provided numerical experiments
show a high capability of the proposed method and its language
independence. We studied the influence of the number of
attributes and sample size on the accuracy of the result and
the execution time.

For further research the analysis of texts in non-european
languages (e.g. Arabic, Hebrew) seems to be perspective. Also
a comparison of the proposed method with well-known ap-
proaches, such as Burrow’s Delta [17], [18], [19], Compression
models [20], ANOVA [21], Latent Dirichlet allocation [22] and
others, is planned to be performed.
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