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2 Introduction

Literature is often seen as a subject that concerns only reading and think-
ing. But, as is the case in almost all areas of intelligence, it intersects with
others. In a work "Principles of Stylometry" in 1890, the Polish philosopher
Vincent Lutoslawski used statistical approaches to construct a chronology of
Plato’s dialogues. Stylometry is said to have begun when, in 1851, Augustus
de Morgan said about the texts of biblical authors that "one of the authors
uses longer words." Stylometry is a linguistic discipline that applies statis-
tical analysis to the literature by assessing the author’s style using various
quantitative criteria.

The development of computers and their ability to analyze large amounts
of data creates opportunities for more sophisticated statistical methods. There
are many works regarging the subject of literature texts analysis trying
to solve the problem. Approaches such as Liuyu Zhou’s in-depth study,
NewsAuthorshipldentificationwithDeepLearning, Mike Kestemont cite OverviewoftheAu-
thorldentificationTaskatPAN2018, N. Smirnov cite Tableforestimatingthe-
goodnessoffitofempiricaldistributions, classical methods of machine learning
Granichin cite WritingstyledeterminationusingtheKNNtextmodel, Grieve cite
Quantitativeauthorshipattatt Anevaluationoftechniques, and statistical meth-
ods Stamatatos cite Asurveyofmodernauthorshipattributionmethods, Gia-
como Inches cite FindingParticiponshiphathat Shane Bergsma cite Sty-
lometricAnalysisofScientificArticles, Borisov LA cite Identification Author-
ByFrequencies were considered in the works.

The issue of statistical analysis is in the interests of both literary critics
and mathematicians. The tasks of clustering texts by author, genre, format,
epoch of writing, or emotional coloring are interesting. Mathematical interest
lies in the study of algorithms underlying the process of creative work of the
brain. Also of independent value are the statistical methods of analysis of
such multidimensional objects in their attributes, as literary texts written by
professional writers.

The most popular task is to identify the authorship of the text. To solve
it, we often use statistical methods based on the assumption that the writer
in his works adheres to a certain behavior of writing, which forms certain
invariants that emphasize the stylistic characteristics of the author’s works.
Such invariants can be quantitative features of the fraction of vowels and
consonants in the text, the frequency of use of certain combinations of words,
the frequency of marker words. Practical application of this question can be
found in the search for plagiarism, linguistic, historical and criminological
research.

This paper presents a comparative analysis of two approaches to iden-



tify the author. The first is based on comparing the frequencies of letter
combinations. The second method hypothesizes that the text is written by
a certain author and prove it using p-statistics cite AnAssumptioninMa-
chineLearning. Also, since authors can write in different styles, the use of
one standard for the author may not be effective. Therefore, the approach of
clustering the author’s texts and further finding a standard for each cluster is
also considered. It is assumed that such an elalon corresponds to a particular
style of the author. Clustering was performed by the hierarchical clustering
method with the "author separation distance" j, as a parameter.

In an alphabet with 26 characters, there is 263 = 17526 different n -grams of
length 3, which makes the calculation of the distance from author to author
quite resource-intensive, so this paper proposes a method for finding the most
effective n -grams to identify author.

The main purpose of this work is to compare methods in terms of resource
utilization, computational speed, implementation complexity and identifica-
tion accuracy. Also in this work the frequencies of n-grams are investigated
as stylistic characteristics of the text.



3 Symbols and terms

A - number of authors
m - number of characters from the alphabet
The alphabet is further considered to be fixed.
n-gram - a sequence of n alphabet characters
K, - number of texts of the author «
N; o - the number of letters in the ¢ th text of the author «
n-PDF - the probability density function of n-grams of the text of the corre-
sponding alphabet
fia(j) - n-PDF of the i-th text of the author «, where the j corresponds to
some n-gram, and varies from 1 to m”™

.(j) - n-PDF of the k-th partition of the i-th text of the author «, where
the j corresponds to some n-gram, and varies from 1 to a(n) =m
a(n) = m" - quantity of n-grams of length n
pstatistic(z,y) - measure of homogeneity of two samples

n

4  Methods

4.1 The density of the distribution function and its application
to the author indentification

Let we have a library of texts of A authors. Let K, be the quantity of texts
of an author a, N;, - the number of letters in i-th text of author a. We
assume that lengths of texts are large enough for the statistical analysis. We
found for every text its presentation as n-gram frequencies and denote as
fia(7) corresponding n-PDF (probability density function) of the i-th text of
the author «, and argument j coresponds to some n-gram and changes from
1 to a(n) = m™: For each author, determine his weighted average PDF[2]:

1 Ka
Fa<j) = FZfi,a(j)Ni,a (1)
a =1
K(X
Na - Z Ni,a (2)
=1

These n-PDF will continue to play the role of author’s etalons.

In [1 2| the fact that the number of n-grams is less than the number of
characters in the text is neglected, since N, >> n.

We introduce the biblical norm p;;, as in the distance between n-PDF of



texts ¢ and k:

a(n)
pir = Lfi = fill = 22 1 fi() = J(5) | (3)

For every author, o build the probability density function g} (p) of devia-
tions p;, o of "his texts", and also the probability density function g, (p) of
deviations of texts of other authors to the author’s etalon. Denote by GZ(p)
corresponding cumulative distribution function. The minimal value of p for
which G (p) = 1 is denoted by pZ, and the maximum value of p for which
G{p) = 0 is denoted by p;.

The meaning of the introduced notations is that all PDFs of texts of the
author « are away by a distance of no more than p}! from his average PDF
F,, and similarly all PDF of texts of other authors are away by not less than
p., from the avarage. The quantity 1 — G (p,) is the propability to wrongly
identify « as author of the text(type 2 error), and the quantity G_ (p.) is
the probability to wrongly identify a text of an author «, as been written
by other author(type 1 error). Denote by G*(p) - the cumulative distribu-
tion function of deviations of texts from the corresponding ethelons, and by
G~ (p) - the distribution of deviations of texts from "foreign"(other author’s)
ethelons:

o Zgzl Kan(p)
YK

_ Zgzl KocG; (10) (5)
- TaaKa

Lets call the value of the division of authors the following value p, for which
the error of identification of the author of the text is minimal:

G*(p) (4)

G~ (p)

b = argmin(l — G (p) + Gz (p)) = argmaz(GE(p) — G2 (p))  (6)

p = argmin(l — G*(p) + G~(p)) = argmaz(G*(p) = G~(p)  (7)

The value p can serve as the upper level of text clustering.

Suppose we now have the text "0", the author of which must be identified.
Then the author of the text is the author «, for which the norm p, = || fo—Fu||
of difference between PDF f(j) text "0" and the author’s ethelon PDF F,(j)
is minimal:

Pa = |[fo = Full, a’ :Wg;nmpg (8)

The rule [§] is used only in case if min, p° < p. If min, p° > p it will be
decided that there are no possible authors in the library.



4.2 Method using p-statistics
4.2.1 P-statistics

P-statistics - the probability of a given statistical model for which, provided
that the null hypothesis is true, the statistical sums will be the same or have
more extreme values than for the actual results.

Suppose we have two samples = = (z1,x9,...,2,) and y = (y1,Y2, -, Ym)
from the general populations X and Y respectively. For the sample z, it
is known that it belongs to X or Y - the task is to identify to which set
z belongs. We hypothesize H about the homogeneity of two samples from
general populations with distribution functions F,(u) and F,(u), respectively,
x = (21,2, ....,x,) € X and y = (Y1, Y2, .-, Ym) € Y - test samples in which
Z(1) S S L(m) and Y1) S S Y(m)- Let the hypOtheSiS H be Fz(u) =
F,(u), then according to A(n) Hill’s assumption:

j—1 . )
Pk € (2a), x(j))) = L <J (9)

Using a sample of y = (y1,¥2, ..., Ym), we can calculate the frequency h;; of
the random event y() € (x(;,(;))) and calculate the confidence interval I;;
for the probability p(yw) € (7@, 7(;))) with a given level of significance level
(. Denote by L the number of intervals for which ﬁ € I;; holds. Then, we
define the degree of homogeneity of the samples  and y as the proportion
of intervals for which fl—:l € I;; among all intervals is true:

2L

hyy = —F———
Y nx(n—1)

(10)

Since, hgy is the random event frequency ﬁ € I;; with probability 1— 3, we

can construct a confidence interval I, for events z;i € I;; with significance
level 8. If 1 — 8 € I then the hypothesis H is confirmed, otherwise rejected.
The value h,, is a measure of the homogeneity of the samples x and y. By
swapping x and y and finding the frequency h,, and the confidence interval
I, we can construct another test to test the hypothesis /. Since the measure

hzy is not symmetric, we can construct a symmetric measure of homogeneity:
.y 1
h = pstatistic(x,y) = §(hxy + hyy) (11)

4.2.2 Adaptation of P-statistics to identify the author of the text.

Suppose we have a library from the previous method with K, works by the
author «, a varies from 1 to A. We will divide each text in the library into



K parts, and for each part we will find fF,(j) - n-PDF of the k-th part of
the text. Denote by g; o(;)(J) the set of frequencies of the j-th n -gram of the

J-th text of the author a:
gi,a(j) = {le,a(j)vfz%a(]>77fz[,(a(])} (12)
Then we introduce the distance between the texts a and b, as:

a(n) . . .
1O — fOf = 1 = 2=t pstat@jé;@)(ga(J),gb(J) (13)




5 Computational experiments

5.1 Development tools

The text library was downloaded from https://www.gutenberg.org/, which
contains more than 60,000 books. The program for downloading the library
is written in the programming language NodeJS v.12.13.1.

The algorithm for tests is written in programming language C+-+ 17. Parallel
streams were used for increase of speed of calculations.

jupyter python was used to visualize the data.

Testing was performed on a computer with the following specifications:

e OS: 64bit Windows 10 Pro

 Central processor: Processor Intel(R) Core(TM) i7-7700HQ CPU @
2.80GHz, 2801 Mhz, 4 Core(s), 8 Logical Processor(s)

« RAM: 32.0 GB

5.2 Data-in

Testing was performed on a set of texts by 16 authors: George Manville
Fenn, Sir Walter Scott, R.M. Ballantyne, U.S. Copyright Office, Robert Louis
Stevenson, Jules Verne, W.H.G. Kingston, George Sand, Anthony Trollope,
Charles Dickens, G. A. Henty, M6r Jokai, Fergus Hume, Alexandre Dumas,
E. Phillips Oppenheim, William Le Queux. Each author has at least 50 books
of 200,000 characters in length in the library. The tests were performed using
5,000, 10,000, 20,000, 50,000, 100,000, 200,000 first characters of the texts.
The texts of each author were divided into a training and test sample of 25
texts in each.

Since the calculation of distances for trigrams is resource-intensive, the most
"significant" trigrams were selected, ie those that most distinguish one au-
thor from another. The following statistics were chosen as a measure of
"influence":

YA D(f.(5))
D) 14

_ Yan X (fia() = M(f£.()

v(j) =

D) Lol (15
A Ko £ (s
M(7.) = o=t hel) (10
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Figure 1: Density of distance distribution. Monograms.

_ Y (fiald) = M(£.(5)))°

DS ali) = = an
M(f.aly) = EEL L2 (1)

D(-) - the variation, M (-) - the expectation. We get that v(j) - shows
what part of the general variation of frequencies j-th n-gram is the variation
of these frequencies local to the authors. If v(j) is close to 0 - this means
that when you change the author of the text, this frequency changes much
more than when you change the text to the text of the same author. Among
all the 17526 trigrams, 1802 was chosen with a degree of "significance" less
than 0.6.

5.3 Method using the density of the distribution function

Tables [} contain information about the average distances of texts to
the standards of each author for monograms, bigrams, trigrams, respec-
tively. And the figures [I] show the densities of the distances to the
ethelons. From the obtained tables we see that Jules Verne, Charles Dickens
and Alexandre Dumas - have a fairly large average distances to their own
ethelons, this is due to the fact that these authors write in quite different
styles.



Author

The average distance
of own texts to the eth-

The average distance
of other people’s texts

elon to the ethelon

Training Test sam- | Training Test sam-

sample ple sample ple
George Manville Fenn 0.0338465 | 0.0340254 | 0.148186 0.160377
Sir Walter Scott 0.0284826 | 0.0663677 | 0.134049 0.147205
R.M. Ballantyne 0.0256525 | 0.0259007 | 0.132092 0.146816
U.S. Copyright Office 0.0474249 | 0.0434929 | 0.230926 0.241641
Robert Louis Stevenson | 0.0660438 0.0500744 0.13504 0.150064
Jules Verne 0.194515 0.232865 0.214297 0.223655
W.H.G. Kingston 0.0310675 | 0.0344322 | 0.140399 0.153805
George Sand 0.0345426 | 0.0521552 | 0.345482 0.354845
Anthony Trollope 0.0312901 0.0393127 | 0.144474 0.157774
Charles Dickens 0.137723 0.201273 0.147524 0.156707
G. A. Henty 0.0299935 | 0.0315441 0.141307 0.155087
Mor Jokai 0.23157 0.221696 0.266655 0.265208
Fergus Hume 0.0346095 | 0.0355302 | 0.132482 0.146382
Alexandre Dumas 0.10102 0.152488 0.283127 0.291188
E. Phillips Oppenheim 0.0273646 | 0.0319321 0.136483 0.150508
William Le Queux 0.0312424 | 0.0289607 | 0.131785 0.145958

Table 1: Comparison of distances to ethalons. Monograms.

Own text. Learning sample

Own text. Test sample

Foreign text. Learning sample
—— Foreign text. Test sample

06 08 10

Distance to ethelon

Figure 2: Density of distance distribution. Digrsams.
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Author

The average distance
of own texts to the eth-

The average distance
of other people’s texts

elon to the ethelon

Training Test sam- | Training Test sam-

sample ple sample ple
George Manville Fenn 0.0994828 | 0.100713 0.337656 0.364495
Sir Walter Scott 0.0857056 | 0.160734 0.312519 0.337815
R.M. Ballantyne 0.0842319 | 0.0831463 | 0.303563 0.333081
U.S. Copyright Office 0.142319 0.131085 0.518372 0.536536
Robert Louis Stevenson | 0.153465 0.126039 0.305945 0.336367
Jules Verne 0.434099 0.507919 0.467984 0.481571
W.H.G. Kingston 0.0986361 0.101119 0.319829 0.347821
George Sand 0.0953532 | 0.131873 0.720437 0.736496
Anthony Trollope 0.0978328 | 0.120733 0.335552 0.363841
Charles Dickens 0.289434 0.424478 0.322943 0.339882
G. A. Henty 0.0958608 | 0.0976739 | 0.32082 0.349905
Mér Jokai 0.473379 0.450451 0.564311 0.563759
Fergus Hume 0.103849 0.110262 0.308154 0.336897
Alexandre Dumas 0.228394 0.34131 0.612664 0.625097
E. Phillips Oppenheim 0.0855664 | 0.0948044 | 0.316374 0.344707
William Le Queux 0.0926607 | 0.0948494 | 0.306627 0.334875

Table 2: Comparison of distances to ethelons. Digrsams.

Own text. Learning sample

Own text. Test sample

Foreign text. Learning sample
—— Foreign text. Test sample

o8 10 12 12
Distance to ethelon

Figure 3: Density of distance distribution. Trigrams.
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Author

The average distance
of own texts to the eth-
elon

The average distance
of other people’s texts
to the ethelon

Training Test sam- | Training Test sam-

sample ple sample ple
George Manville Fenn 0.180418 0.18861 0.596302 0.623662
Sir Walter Scott 0.171463 0.283575 0.524401 0.549622
R.M. Ballantyne 0.172195 0.169814 0.51445 0.545968
U.S. Copyright Office 0.283822 0.276685 0.815953 0.833536
Robert Louis Stevenson | 0.259684 0.228195 0.511306 0.545252
Jules Verne 0.655446 0.770669 0.789989 0.801207
W.H.G. Kingston 0.194357 0.204415 0.539513 0.568905
George Sand 0.162869 0.224804 1.15696 1.16934
Anthony Trollope 0.185929 0.224242 0.572796 0.603712
Charles Dickens 0.466389 0.668956 0.530902 0.546114
G. A. Henty 0.189261 0.19251 0.539592 0.571259
Mor Jokai 0.632626 0.749113 0.671995 0.671159
Fergus Hume 0.192996 0.206572 0.530133 0.561459
Alexandre Dumas 0.368591 0.561702 1.02425 1.02995
E. Phillips Oppenheim 0.170172 0.19042 0.546378 0.576854
William Le Queux 0.194836 0.198912 0.520049 0.550307

Table 3: Comparison of distances to ethelons. Trigrams.
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Training sample Test sample
monograms | 0.695 0.6875
digrams 0.7375 0.765
trigrams 0.7725 0.785

Table 4: Accuracy for text of 200,000 characters. Method using the density
of the distribution function

0.80 —— Monograms. Leaming sample
Monograms. Test sample
Bigrams. Learning sample

—— Bigrams. Test sample
Tigrams. Learning sample
Tigrams. Test sample
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n
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o 25000 50000 75000 100000 125000 150000 175000 200000
Legnth of text

Figure 4: Identification accuracy for different lengths of texts.
Figure |5 shows the accuracy of identifying authors for different lengths of
n-grams.

Figure {4] shows the accuracy of identifying authors for different lengths of
texts. You can see that for the accuracy of identification of texts using
bigram and trigrams on the test sample in some places exceeds the accuracy
of identification on the training sample. This is due to the fact that the test
sample included narrower texts in their style.

The following conclusions can be drawn: - Starting with a text length of
20,000 characters, the change in the accuracy of identification accuracy for
bigram and triram is insignificant (1-2%), and starting with 50,000 charac-
ters, the change in error for monograms is also insignificant.

5.4 Method using p-statistics

Figure
reffig:6 shows the dependence of the accuracy of the author’s identification
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Figure 5: Identification accuracy for different n-gram lengths

Training Sample Test Sample
monograms | 0.7725 0.7075
digrams 0.83 0.8055
trigrams 0.8325 0.815

Table 5: Accuracy for text of 200,000 characters. P-statistics.

depending on the length of the text for K = 20. We observe that in general,
with increasing length of texts, the accuracy of identification increases. There
is also a gap of 5-10 % accuracy between test and training samples.

5.5 Clustering

Since authors can write in different styles, clustering author’s texts with
subsequent finding of an ethelons for each author can be quite effective.
The hierarchical clustering method was chosen as the clustering method, as
the maximum distance between clusters can be transferred to the method.
The authors’ separation measure was used as a parameter (Tables [6] [
for monograms, bigrams and trigrams, respectively). Tables [7][9] [L1] contain
the number of clusters by authors for monograms, bigrams and trigrams,
respectively.

14
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Figure 6: Identification accuracy for different lengths of texts. K = 20
Figure [6] shows the dependence of the accuracy of identification depending
on the number of parts into which the text was divided. As the number of

pieces of text increases, the accuracy of identification by the accuracy of
identification by trigrams decreases sharply, which means that the length of
the text is insufficient to obtain high accuracy. As the number of pieces of
text increases, the identification accuracy for bigram and monogram
decreases slightly. For Bigram the most effective is the division K = 7, for
monograms K = 15, for trigrams K = 3. Figure [§| shows the dependence of
the identification accuracy for the corresponding partitions. We see that for
trigrams, even when divided into 3 parts of 200,000 characters in the text is
not enough to reach around the statistical limit.

- Monograms. Leaming sample
Monograms. Test sample
Bigrams. Learning sample

= Bigrams. Test sample
Tigrams. Learning sample

075 —— Trigrams. Test sample

ovo

065

0.60

Accuracy of identification
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0.50

0.45

0 20 a0 &0 8o 100
K{number of text partitions)

Figure 7: Accuracy of identification of various partitions. Text length 200000
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—— Monograms. Learning sample. K=15

5. Learning
Tigrams. Test sample. K=3

25000 50000 75000 100000 125000 150000 175000 200000
Length of text

Figure 8: Identification accuracy for different lengths of texts. K = 15 for
monograms, K = 7 for bigrams, K = 3 for trigrams

Author po for method using | p, for method using p-
distribution density statistics
George Manville Fenn 0.0463045 0.187912
Sir Walter Scott 0.0375501 0.158608
R.M. Ballantyne 0.0318236 0.143223
U.S. Copyright Office 0.0657424 0.176374
Robert Louis Stevenson | 0.0543053 0.209341
Jules Verne 0.178568 0.365568
W.H.G. Kingston 0.0397744 0.157326
George Sand 0.0549845 0.249267
Anthony Trollope 0.0426615 0.172711
Charles Dickens 0.0823775 0.224908
G. A. Henty 0.04078 0.177473
Mér Jokai 0.247522 0.335897
Fergus Hume 0.0374213 0.170879
Alexandre Dumas 0.0929762 0.259524
E. Phillips Oppenheim 0.0411207 0.17619
William Le Queux 0.0387453 0.172344

Table 6: g,. Monograms
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Author

number of clusters for
method using density
distribution function

number of
for  method
p-statistics

clusters
using

George Manville Fenn
Sir Walter Scott

R.M. Ballantyne

U.S. Copyright Office
Robert Louis Stevenson
Jules Verne

W.H.G. Kingston
George Sand

Anthony Trollope
Charles Dickens

G. A. Henty

Mor Jokai

Fergus Hume
Alexandre Dumas

E. Phillips Oppenheim
William Le Queux

U DN O N WO =k Ot OO

YN O NRFE OLWR ~ k= 00— WO

Table 7: Number of clusters. Monograms
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Author

po for method using
distribution density

P, for method using p-
statistics

George Manville Fenn
Sir Walter Scott

R.M. Ballantyne

U.S. Copyright Office
Robert Louis Stevenson
Jules Verne

W.H.G. Kingston
George Sand

Anthony Trollope
Charles Dickens

G. A. Henty

Moér Jokai

Fergus Hume
Alexandre Dumas

E. Phillips Oppenheim
William Le Queux

0.0463045
0.0375501
0.0318236
0.0657424
0.0543053
0.178568
0.0397744
0.0549845
0.0426615
0.0823775
0.04078
0.247522
0.0374213
0.0929762
0.0411207
0.0387453

0.187912
0.158608
0.143223
0.176374
0.209341
0.365568
0.157326
0.249267
0.172711
0.224908
0.177473
0.335897
0.170879
0.259524
0.17619

0.172344

Table 8: g,. Bigrams

6 Analysis of results

6.1 Execution time

The method using the density of the distribution function turned out to be
much faster than the method using p-statistics, due to the fact that for p-

statistics you need to calculate &

(K1)
2

confidence intervals for each n-gram,

compared with the sum of the frequency differences n -gram.
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Author

number of clusters for
method using density
distribution function

number of
for  method
p-statistics

clusters
using

George Manville Fenn
Sir Walter Scott

R.M. Ballantyne

U.S. Copyright Office
Robert Louis Stevenson
Jules Verne

W.H.G. Kingston
George Sand

Anthony Trollope
Charles Dickens

G. A. Henty

Mor Jokai

Fergus Hume
Alexandre Dumas

E. Phillips Oppenheim
William Le Queux

R NN NP WHE RO RO WK

-]

1

o
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Table 9: Number of clusters. Bigrams

19




Author po for method using | g, for method using p-
distribution density statistics
George Manville Fenn 0.236771 0.269608
Sir Walter Scott 0.24953 0.266926
R.M. Ballantyne 0.200519 0.258232
U.S. Copyright Office 0.363961 0.275157
Robert Louis Stevenson | 0.237309 0.264058
Jules Verne 0.724427 0.349427
W.H.G. Kingston 0.209656 0.268868
George Sand 0.221383 0.338605
Anthony Trollope 0.246643 0.27525
Charles Dickens 0.312767 0.285331
G. A. Henty 0.225755 0.274972
Moér Jokai 0.508067 0.321032
Fergus Hume 0.231127 0.264058
Alexandre Dumas 0.333833 0.348594
E. Phillips Oppenheim 0.218364 0.270533
William Le Queux 0.22903 0.26859

Table 10: p,. Trigrams

6.2 Identification accuracy

For monograms, bigrams and trigrams, the method using p-statistics gives
better results by 3 — 4% (for texts longer than 50,000). However, for small
texts, p-statistics give worse results than the method using the density of the
distribution function.

Using clustering, the accuracy in the test sample increased by approxi-
mately 5% for monograms, and by approximately 10% for bigrams and tri-
grams in the case of the density distribution method, and the best accuracy
of 91.75% was obtained for trigrams. In the case of the p-statistic method,
the accuracy for monograms and trigrams increased by approximately 5%,
and for trigrams almost did not change, and the best accuracy of 85.25% was
obtained for bigrams.

From the obtained results it is possible to draw conclusions: - in the case
of clustering, the method using the density of the distribution function gives
better results. But the results of two methods lye very close to each other.
Therefore, it can be said that probality distribution of some n-gram does not
contain more information about author style that the mean of distribution. -
In this context, based on the previous point, P-statistics can be considered as
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Author number of clusters for
method using density
distribution function

number of clusters
for  method using
p-statistics

George Manville Fenn
Sir Walter Scott

R.M. Ballantyne

U.S. Copyright Office
Robert Louis Stevenson
Jules Verne

W.H.G. Kingston
George Sand

Anthony Trollope
Charles Dickens

G. A. Henty

Mér Jokai

Fergus Hume
Alexandre Dumas

E. Phillips Oppenheim
William Le Queux
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Table 11: Number of clusters. Trigrams

Training Sample

Test Sample

monograms | 0.9125
bigrams 0.98
trigrams 0.99

0.75
0.8925
0.9175

Table 12: Accuracy of the method using the density of the distribution func-

tion with clustering

Training Sample

Test Sample

monograms | 0.97
bigrams 0.91
trigrams 0.9875

0.8125
0.8525
0.805

Table 13: Method using p-statistics.

bigrams, K = 3 for trigrams
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some empirical version of the analogy of the confidence interval, as without
clustering p-statistics gave better results, and with clustering - worse. - the
distribution of n -grams really changes with the change of style, however, for
greater accuracy, you need to look for other markers

7 Conclusions

As a result of the research, 2 methods of identification of an unknown author
of a work belonging to the library of known authors were implemented, the
method of text clustering was also implemented and testing of methods with
and without clustering was performed. A criterion method was also proposed
to select the n-grams that would best serve as a marker to identify the author.
800 texts by 16 authors were used for testing. As a result, it was found that
the method that uses the density of the distribution function is suitable for
identifying the authors of works of both large texts (50,000+ characters) and
small (10,000+ characters). And the method that uses p-statistics is only
suitable for use on large works. With clustering of texts, much better results
were obtained in a test sample for both methods.
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