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Abstract

In this paper we look at a methodology of revealing an unknown document’s author through the use of
extracting the author’s characteristics from their writing style The method used explores identifying
sources of unknown documents, using a model of distributive semantics to form a set of queries to a
search engine. The dataset used is the PAN @ CLEF 2019 shared task on Cross-domain Authorship At-
tribution are in the following languages: English, French, Italian, and Spanish, each of which contains 5
problematic questions, which gives a total of 20 problematic questions. The problem relates to Natural
Language Programming where the process is done through the attribution of the user that can be used
to identify an author’s work. The method explores identifying sources of unknown document, using a
model of distributive semantics to form a set of queries to a search engine. The method used to reveal
the unknown authors is done through distributional semantics; this is based on the following hypothe-
sis: the linguistic units that are observed in close contexts have similar semantic meaning, in this area
when looking at linguistics this is calculated based on the proximity of linguistic elements in terms of
semantic load based on their distribution in large textual boxes.
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AHHOTaUA

B 5To#l cTaTbe paccMaTpHBAETCs METOZOJIOTHS ONpeJie/IeHHs] aBTopa TEKCTa C MOMOLIbI0 aHaJIU3a
CTHWJIS IMCbMa U OIIpe/ie/IeHUs] 0COGEHHOCTEH, XapaKTePHBIX JIJI1 KOHKPETHOro aBTopa. JlaHHbIN Me-
TOJ MCCJIelyeT BOSMOXHOCTH UAEHTUPUKALIMY HCTOYHUKOB aHA/IU3UPYEMBIX JJOKYMEHTOB C UCIIOJIb-
30BaHHMEM MOJEJIM JUCTPUOYTUBHOM CEMaHTHKHU AJ1s1 OPMHUPOBAaHUsI HAGOPa 3alIPOCOB /1JIst HOKCKO-
BOM MalIMHBL Vcrnosib3yeMblil Ha6op JaHHBIX sABJseTC coBMecTHOU 3ajadeid PAN @ CLEF 2019 B
Kpocc-nomenHoit ATpubyunu ABTOPCKHX NpaB HAa TAaKMUX S3bIKaX KaK aHIVIMHCKWUH, QpaHIy3CKHUH,
WUTaJIbSHCKUH U HUCIIAHCKUH, KaXX/IbIH U3 KOTOPBIX UMeeT 5 3a/a4, YTO B COBOKYNHOCTH cTaBUT 20 3a-
nad. O6was 3aa4a, o6’befuHs0mas 3Ty 20 3ajay, CBsI3aHa C IPOrpaMMUPOBAaHUEM HA eCTECTBEHHOM
sI3bIKe, B paMKaX KOTOPOT0 JaHHBIN NPOLECC OCYLIEeCTBISETCS Yepe3 aTPUOYLIHIO 110/1b30BaTeNs, KO-
TOpasi MOXKET GbITh MCI0JIb30BaHa /I HAEeHTUPHUKALMK paboThl aBTOpa. [[pUBeIeHHBIN 3/1eCh METO,
HCCJIelyeT BhIsIBJIEHHE UCTOYHUKOB HEU3BECTHOTO JOKYMEHTA, HCI0J1b3YsI MOZIeJb JUCTPUOYTHBHOHN
CeMaHTHKHU 1151 GOPMHUPOBaHUS Habopa 3alpoCcoB K MOUCKOBOH cucTeMe. MeTo/, UCIOJIb3yeMbIi 15
BbISIBJIEHHsI HEU3BECTHBIX aBTOPOB, 6a3upyeTcsi HA JUCTPUOYTHBHOM CeMaHTHKe U Ha CleAylollei
TUIIOTe3€: IMHIBUCTHYECKHE eIMHULbI, KOTOPbIE IPUCYTCTBYIOT B CXOAHBIX KOHTEKCTAX, UMEIOT CXO/1-
HOe CeMaHTHYeCKOe 3HaueHue. AHaIU3NpyeMble JUHTBUCTUYECKHE eJUHUIIbI PACCUHUTHIBAIOTCS, UC-
X0/l U3 GJIM30CTH JIMHIBUCTUYECKUX 3JIEMEHTOB C TOYKH 3pEHUS] CEMAaHTUYECKOHW HAarpysKH, OCHO-
BaHHOH Ha UX pacnpe/ieJIeHUH B 60JIbIINX TEKCTOBBIX OTPbIBKAX.

KiroyeBble C/I0Ba: gucTpubyTHBHAs CEMAaHTHKA, MOMCK UCTOYHMKA, aHTUIJIATMAT, aTpUGYIHs
aBTOPCTBA, HEM3BECTHBIM aBTOP, IPOrpaMMHPOBAHHE HA €CTECTBEHHOM SI3bIKE.

PUHAHCUPOBAHUE: B JaHHOU CTAThe NMPE/ICTABIEHbI PE3Y/IbTAaThl UCCIE0BAHUs MPoeKTa «MH-
CTPYMEHTBI TEKCT MaHHHUHTA JJ151 60JIbIIKX JJAHHBIX» B paMKaX NPOrpaMMbl MOAJEPKKH LIeHTpOB Tex-
HUYECKOro njiepcTBa HannoHasbHON TEXHOJIOTHYEeCKOM WHUIMATUBBI [0 HampaBjeHUI0 «lleHTp
XpaHeHUs U aHaJM3a 6OJIBIINX JaHHBIX» TP MOCKOBCKOM I'oCyJlapCTBEHHOM YHHUBepcHUTeTe (Corya-
meHne ¢ Pongom nogaepxku HTU-nmpoexkToB Ne 13/1251/2018 ot 11.12.2018). [IpencTaByieHHOe
HcCleloBaHUE YAaCTUYHO PUHAHCUPYETCS POCCUMCKUM GOHJOM QyHAAMEHTAJbHBIX UCCIe0BaHUHI
(mpoekT Ne 1). 18-29-03187) u npu noajiepikke «YHUBepcUTeTCKOW nmporpaMmmbl PY/IH 5-100».

Jlia nUuTHpPOBAHUA: KoHpad C. K., Couerkog H. B. MeToz aTpuGyuy aBTopa C UCI0Jb30BaHHEM
Word Embeddings // CoBpemeHHbIe nHOpMalMOHHbIe TexHOIorUU U UT-06pasoBanue. 2019. T. 15,
Ne 3. C. 572-578.DOI: 10.25559/SITIT0.15.201903.572-578
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Introduction studies in this area. Crossdomain authorship attribution has been

In this research we will look into an interesting task, defining an
author of the text based on attributes of the author which can be
derived from the text, this done through the use of the training sam-
ple, in which there are several corps of documents of various au-
thors and text of unknown authors whose authorship needs to be
determined. The concept of the task bears some similarity to plagia-
rism detection where if the texts have high similarity, there is a high
probability that this is the same text.
We developed a methodology to identify authors from the PAN@
CLEF 2019 shared task on Cross-domain Author Attribution in the
languages English, French, Italian and Spanish each of which had
five problems totaling twenty problems in total. What was explored
in this work is Author Attribution which is a novel source of texts
which has been targeted for analysis based on the writing charac-
teristics of authors; the work being assessed is done through
style-content dichotomy that is central to it such as a collection of
fan fiction works for the task of cross-domain Authorship Attribu-
tion. The goal of this work is to develop a method for detecting Au-
thor Attribution based on distributive semantics; this is based on
the following hypothesis: the linguistic units that are observed in
close contexts have similar semantic meaning, in this area when
looking at linguistics this is calculated based on the proximity of
linguistic elements in terms of semantic load based on their distri-
bution in large textual boxes [1]. Linguistic units can be words,
phrases, and whole texts. This area allows you to perform such
tasks as identifying the semantic proximity of words and phrases
(building a synonym dictionary — thesaurus), defining the subject
of the document, paraframe modeling, etc.
The following tasks were set: to
1. compose a mathematical model of distributive semantics;
2. develop an algorithm that, based on distributive semantics,
will determine the degree of similarity of texts;
3. implement this algorithm in the form of a computer program;

4. run the program on the test set and get the results;

5. process the results and calculate the accuracy and recall of the
algorithm;

6. analyze the results, provide recommendations for achieving
the best result.

When processing on a computer, each document can be represent-
ed as a vector model, the text being considered as an unordered set
of terms (a term is the word of which the text consists) [2].

All words from the text are being processed by being ordered; for a
certain document you compile a list of all words in a sorted form,
including those words that are not in this document but are found
in other texts, then the document vector is obtained in the common
vector space, while the dimension of the space is equal to the di-
mension of the vector and has the same value for all documents of
the resulting vector space [3].

Related work

Closed-set authorship attribution is a task with rich relevant litera-
ture [4, 5]. 2017 and 2018 task of PAN@Clef Author Attribution
included corresponding shared tasks [6, 7]. However, they only ex-
amined the case where both training and test documents belong to
the same domain, as it is the case for the vast majority of published

sporadically studied in the last decade [8-13]. In such cases, train-
ing and test texts belong to different domains that may refer to top-
ic, genre, or language. To control a topic, usually general thematic
categories are defined and all texts are pre-assigned to a topic. For
example, Koppel et al. uses three thematic categories (ritual, busi-
ness, and family) of religious Hebrew-Aramaic texts [14]. Newspa-
per articles are considered by Mikros and Argiri [15] (classified into
two thematic areas: politics and culture) and Stamatatos (classified
into four areas: politics, society, world, and UK) [11]. Another ap-
proach is to use a controlled corpus where some individuals are
asked to write texts on a specific, well-defined topic [17].

Another important cross-domain perspective concerns cross-genre
conditions. In general, it is hard to collect texts by several authors in
different genres. Kestemont et al. make use of literary texts (theater
plays and literary prose) [18] while Stamatatos explores differences
between opinion articles and book reviews published in the same
newspaper. Finally, a controlled corpus can be built, where each
subject (author) is asked to write a text in a set of genres (e.g., email,
blog, essay). The most extreme case concerns crosslanguage condi-
tions where training and test texts are in different languages [19].
The focus went from clustering authors within documents [20] to
the detection of positions where the style, i.e, the authorship,
changes [21]. In general, all those tasks imply an intrinsic, stylomet-
ric analysis of the texts, as no reference corpora are available. In
general, related work targeting multi-author documents is rare.
While there exist several approaches for the related text segmenta-
tion problem, where a text is divided into distinct portions of differ-
ent topics, only few approaches target segmentation by other crite-
ria, especially not by authorship.

Methodology

Dataset

The accompanying JSON format! [22] files are available on the PAN
@ Clef Cross-Domain Authorship Attribution 2019 are used as
mapping data to identify information about the authors of the
known text and the unknown text. These files contain a description
of the directory structure, a list of folders for analysis, a list of texts
for each author, a list of unknown texts and a file that stores infor-
mation about the authors of unknown texts (for testing). The JSON
files are as followed:

Collection-info.json which indicates a collection of such problems,
that includes all relevant information such as the language giving in
the format ‘en’ for English, ‘fr’ for French, ‘it’ for Italian and ‘sp’ for
Spanish for each of the 20 problems given.This is located in the
main folder of the task

An example of the collection-info.json file data is as follows:

[ { “problem-name”: “problem00001”,

“language”: “en”,

“encoding”: “UTF-8" },

{ “problem-name”: “problem00002”,

“language”: “fr”,

“encoding”: “UTF-8"}, ... ]

Prolem-info.json which indicates the name of all authors in the form
of candidate0000* which increments based on the amount of au-
thors. The naming scheme of the folders located in problem0000* is
based on the candidate numbers.

! Word vectors for 157 languages. fastText [Electronic resource]. Available at: https://fasttext.cc/docs/en/crawl-vectors.html (accessed 30.07.2019). (In Eng.)
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An example of the problem-info.json file data is as follows:

{

“unknown-folder”: “unknown”,

“candidate-authors”: [ { “author-name”: “candidate00001” },

{ “author-name”: “candidate00002” },... ] }

Ground-truth.json which indicates the true author of each unknown
document, this file can be found in the main folder of each problem.
Note that all unknown documents that are not written by any of the
candidate authors belong to the <UNK> class.

An example of the groundtruth.json file data is as follows:

{

“ground_truth”: [

{ “unknown-text”: “unknown00001.txt",

“true-author”: “candidate00002” },

{ “unknown-text”: “unknown00002.txt",

“true-author”: “<UNK>"},...1}

Through the use of aforementioned JSON files and a mapping sys-
tem we are able to use the candidate folders as training data; each
candidate0000* folder which is located in each problem0000*.

The PAN @ Clef Cross-Domain Authorship Attribution 2019 com-
prises of 20 problems; 5 problems for each of the 4 languages (En-
glish, French, Italian and Spanish). Each of the 20 problem is made
up of 9 candidates (authors), which has 7 texts for each author giv-
ing us a total of 5*¥9*7=315 training data for each language with a
grand total of 1260 for all 4 languages.

4051 unknown was provided as testing data for all 4 languages;
1134 unknown documents in Spanish,1446 unknown documents in
English, 920 unknown documents in French, 551 unknown docu-
ments.

Assessment

The files are assessed using vectors trained by Facebook using the
FastText algorithm? [23] derived from data located on Wikipedia
and Common Crawl®. These vector views are fairly recent (updated
in 2018) and are provided in 157 languages which includes the lan-
guages needed for the task (English, French, Italian and Spanish).
Features to note:

*The words in the training did not undergo any processing, includ-
ing stemming and translation to lower case. 300-dimensional vec-
tors are provided for each language for the 2 million most popular
words.

*The text vector was obtained by averaging the vectors of individual
words.

Analysis and results

Optimizing parameters of Algorithms

The method of optimization used was Cross Validation and Grid
Search, were used to optimize the parameters to create the best
model for the Algorithms used [24]. A k-FOLD Cross Validation of 5
is used for all algorithms with a scoring parameter of “Accuracy”.
The grid search parameters for the KNeighbors are: ‘n_neighbors’:
[3,5,11,19,21], ‘weights”: [‘uniform;’distance’], ‘metric’: [‘euclide-
an,’manhattan’]

and the parameters for LogisticRegression were ‘solver’: [ ‘Ibfgs,
‘liblinear, ‘sag, ‘saga’], ‘C: [1,10,100, 1000], ‘multi_class’: [‘ovr,

‘

‘multinomial; ‘auto’], ‘class_weight’:[ ‘balanced’].

Results

The mappings were done through the use of the JSON files which
were provided by the PAN @ CLEF 2019 shared task on Cross-do-
main Author Attribution competition , we were able to successfully
train the data using the candidate data, and the unknown authors
were used as our testing data. To evaluate the performance of the
algorithm, one should construct an inaccuracy matrix. Confusion
Matrix (this is a type of binary classification [25] boundary which
shows if the results are accepted or rejected) - a table that allows
you to visualize the performance of the classification algorithm
[26]. The matrix of inaccuracies is based on counting the number of
times when the system made the right and wrong decision regard-
ing the expected result. The matrix of inaccuracies is presented in
Table 1

Table 1. Confusion Matrix

The result
btained Th iti .
obtaine € POSILIVE Irpe negative result The
result
true-positive solution false-positive solution
Expected p L (FP: False Positive),
. (TP: True Positive) . .
positive . the first kind error
o Must recognize - . )
= |result . Must recognize - did not
7 recognized the .
3] recognize the
= false-negative solution
% Expected (FN: False Negative), true-negative so}ution
g negative | €TTOT of the second (TN: True Negative)
5 resgult kind Should recognize - did not
2 Should not recognize -  |recognize
= recognized a

At the same time, two types of errors are distinguished [27]:

False positive is a based on a coefficient of incorrect matches iden-
tifying that what we are searching for is there but was incorrectly
classified, also known as type I error or the probability of false pos-
itive rate (FPR);

False Negative is a based on a coefficient of incorrect matches iden-
tifying that what we are searching for is not there but was incor-
rectly classified, also known as type Il error or false non-recogni-
tion probability (FNR).

FNR can be calculated using the following formula:

FNR =2 @)
N

where m is the number of failures, N is the total number of recogni-
tions.
FPR is calculated by the formula:

FPR = 5, 9
N

where k is the number of incorrect recognitions, N is the total num-
ber of recognitions.
You can also select indicators such as precision, recall and F-mea-
sure.
The accuracy of the algorithm in terms of the inaccuracy table is
calculated by the formula [28]:

TP (10)

precision = ————,
TP + FP

2 Common Crawl [Electronic resource]. Available at: https://commoncrawl.org (accessed 30.07.2019). (In Eng.)
3 Common Crawl [Electronic resource]. Available at: https://commoncrawl.org (accessed 30.07.2019). (In Eng.)
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Recall (the percentage of documents found by the algorithm be-
longing to a class relative to all documents of this class in the test
set) can be calculated as follows [28]:

TP (11

recall = ——,
TP+ FN

F -measure represents the harmonic average between precision
and recall. It tends to zero if precision or recall tends to zero:
(12)

P 2 precision * recall
=

recision + recall

F1-score: 0.4659

Precision: 0.4924

Recall: 0.5115

Thus, the program recognizes texts with an accuracy of 49.24%,
while 51.15% of those that are to be recognized are recognized cor-
rectly.

Conclusion

In this work, it was shown how using FastText algorithm to identify
sources of unknown texts to identify authors from the PAN @ CLEF
2019 shared task on Cross-domain Author Attribution in the lan-
guages English , French, Italian and Spanish each of which had five
problems totaling twenty problems. The text vector was obtained
by averaging the vectors of individual word, The words in the train-
ing did not undergo any processing, including stemming and trans-
lation to lowercase. The following results were achieved in this
work:

F1-score: 0.4659

Precision: 0.4924

Recall: 0.5115

The result achieved in this work was; F1-score of 0.4659, Precision:
0.4924, Recall:0.5115 the result fell slightly below the score of the
baseline by F1-score: -0.1181, Precision: -0.1221, Recall: -0.0805
The precision suffering from the biggest loss.

The method of classifier used was KNeighbour and Logistic regres-
sion Classifier; the later receiving the better results. While the re-
sults of the PAN at CLEF 2019 shared task on Cross-domain Author
Attribution is not currently available, in the previous year the
PAN18-BASELINE was; F1-Score 0.584, precision:0.588, re-
call:0.692. In PAN at CLEF 2018 shared task on Cross-domain Au-
thor Attribution the work from the Custdédio and Paraboni had the
best overall performance the method used was char & word
n-gram and a Neural Network classifier [29] with a result F1-Score
0.685, precision:0.672, recall:0.784 ..

Recommendations are given to achieve the best result

to reduce memory consumption by the program, you can use dis-
charged matrices [30], but this can lead to an increase in the run-
ning time of the program;

the use of the base of frequently used words (in this work all words
that are shorter than a predetermined number are cut off);

use of several types of binary classifiers to search for a more opti-
mal boundary value.

use context-dependent word embeddings to predict the similarity
of texts in that task

Acknowledgments: The authors are grateful to the reviewers for
careful reading of the manuscript and helpful remarks.

Bnaro;:[apﬂocnl: ABTOPbIL 6narogapﬂT peneH3eHTOB 3a
BHUMATEJIbHOE IPOYTEHHE PYKOIIHCH U I10JIe3HbI€ 3aMe4YaHUA.

CoBpemeHHble
MH(OPMaLMOHHbIE
TeXHonornu

n UT-o6bpa3oBaHune

References

(1]

(2]

[3]

(4]

(3]

(6]

(7]

(8]

(9]

[10]

[11]

[12]

[13]

Tom 15, N2 3. 2019
[

Rieger B.B. On Distributed Representations in Word Seman-
tics. ICSI Technical Report TR-91-012. Berkeley, 1991. 29
pp. Available at: http://www.icsi.berkeley.edu/ftp/global/
pub/techreports/1991/tr-91-012.pdf (accessed
30.07.2019). (In Eng.)

Salton G., Wong A., Yang C.S. A vector space model for auto-
matic indexing. Communications of the ACM. 1975;
18(11):613-620. (In Eng.) DOI: 10.1145/361219.361220
Bondarchuk D.V. Vector space model of knowledge repre-
sentation based on semantic relatedness. Bulletin of
the South Ural State University. Series “Computational Math-
ematics and Software Engineering” 2017; 6(3):73-83. (In
Russ., abstract in Eng.) DOI: 10.14529/cmse170305

Neal T, Sundararajan K., Fatima A., Yan Y., Xiang Y., Woodard
D. Surveying Stylometry Techniques and Applications. ACM
Computing Surveys. 2017; 50(6):86. 36 p. (In Eng.) DOI:
10.1145/3132039

Stamatatos E. A Survey of Modern Authorship Attribution
Methods. Journal of the American Society for Information
Science and Technology. 2009; 60(3):538-556. (In Eng.)
DOI: 10.1002/asi.21001

Juola P. An overview of the traditional authorship attribu-
tion subtask. In: P. Forner, ]. Karlgren, C. Womser-Hacker
(Eds.) CLEF 2012 Evaluation Labs and Workshop - Working
Notes Papers, 17-20 September, Rome, Italy, 2012. (In Eng.)
Argamon S., Juola P. Overview of the international author-
ship identification competition at PAN-2011. In: V. Petras, P.
Forner, P. Clough (Eds.) Notebook Papers of CLEF 2011 Labs
and Workshops, 19-22 September, Amsterdam, Nether-
lands, 2011. (In Eng.)

Sapkota U., Bethard S., Montes M., Solorio T. Not all charac-
ter n-grams are created equal: A study in authorship attri-
bution. In: Proceedings of the 2015 Conference of the North
American Chapter of the Association for Computational Lin-
guistics: Human Language Technologies. Association for
Computational Linguistics, Denver, Colorado, 2015, pp. 93-
102. (In Eng.) DOI: 10.3115/v1/N15-1010

Overdorf R, Greenstadt R. Blogs, Twitter Feeds, and Reddit
Comments: Cross-domain Authorship Attribution. Proceed-
ings on Privacy Enhancing Technologies. 2016;2016(3):155-
171. (In Eng.) DOI: 10.1515/popets-2016-0021

Sapkota U., Solorio T, Montes-y-Gémez M., Bethard S., Rosso
P. Cross-topic authorship attribution: will out-of-topic data
help? In: Proceedings of the 25th International Conference
on Computational Linguistics (COLING’14). 2014, pp. 1228-
1237. Available at: https://www.aclweb.org/anthology/
C14-1116.pdf (accessed 30.07.2019). (In Eng.)

Stamatatos E. On the Robustness of Authorship Attribution
Based on CharacterN-gram Features. Journal of Law and
Policy. 2013; 21(2):421-439. (In Eng.)

Sapkota U., Solorio T, Montes-y-Gémez M., Bethard S. Do-
main Adaptation for Authorship Attribution: Improved
Structural Correspondence Learning. In: Proceedings of the
54th Annual Meeting of the Association for Computational
Linguistics. Association for Computational Linguistics, Ber-
lin, Germany, 2016; 1: 2226-2235. (In Eng.) DOI: 10.18653/
v1/P16-1210

Stamatatos E. Authorship attribution using text distortion.

ISSN 2411-1473 sitito.cs.msu.ru



C. K. Simon,
I. V. Sochenkov

THEORETICAL QUESTIONS OF COMPUTER SCIENCE, COMPUTATIONAL MATHEMATICS,
COMPUTER SCIENCE AND COGNITIVE INFORMATION TECHNOLOGIES

577

(14]

[15]

[16]

[17]

(18]

[19]

[20]

[21]

[22]

(23]

Vol. 15, No. 3. 2019
e —

In: Proceedings of the 15" Conference of the European Chap-
ter of the Association for Computational Linguistics. Valen-
cia, Spain, April 3-7, 2017. Association for Computational
Linguistics, 2017; 1:1138-1149. Available at: https://www.
aclweb.org/anthology/E17-1107.pdf (accessed
30.07.2019). (In Eng.)

Koppel, M., Schler, ., Bonchek-Dokow, E.: Measuring differ-
entiability: Unmasking pseudonymous authors. Journal of
Machine Learning Research. 2007; 8:1261-1276. Available
at: http://www.jmlr.org/papers/volume8/koppel07a/
koppel07a.pdf (accessed 30.07.2019). (In Eng.)

Mikros G., Argiri E. Investigating Topic Influence in Author-
ship Attribution. In: B. Stein, M. Koppel, E. Stamatatos (Eds.)
Proceedings of the SIGIR'07 International Workshop on Pla-
giarism Analysis, Authorship Identification, and Near-Dupli-
cate Detection (PAN 07). Amsterdam, Netherlands, July 27,
2007. CEUR Workshop Proceedings. 2007; 276:5. Available
at:  http://ceur-ws.org/Vol-276/paper5.pdf  (accessed
30.07.2019). (In Eng.)

Rocha A. et al. Authorship Attribution for Social Media Fo-
rensics. I[EEE Transactions on Information Forensics and Se-
curity. 2017; 12(1):5-33. (In Eng) DOI: 10.1109/
TIFS.2016.2603960

Stamatatos E. Masking topic-related information to en-
hance authorship attribution. Journal of the Association for
Information Science and Technology. 2018; 69(3):461-473.
(In Eng.) DOI: 10.1002/asi.23968

Kestemont M., Luyckx K., Daelemans W., Crombez T. Cross-
Genre Authorship Verification Using Unmasking. English
Studies.  2012;  93(3):340-356. (In Eng) DOL
10.1080/0013838X.2012.668793

Bogdanova D., Lazaridou A. Cross-Language Authorship At-
tribution. In: N. Calzolari, K. Choukri, T. Declerck, H. Lofts-
son, B. Maegaard, ]. Mariani, A. Moreno, J. Odijk, S. Piperidis
(Eds.) Proceedings of the Ninth International Conference on
Language Resources and Evaluation (LREC’2014), European
Language Resources Association, Reykjavik, Iceland, 2014,
pp. 2015-2020. (In Eng.)

Stamatatos E., Tschuggnall M., Verhoeven B., Daelemans W.,
Specht G., Stein B., Potthast M. Clustering by Authorship
Within and Across Documents. In: K. Balog, L. Cappellato, N.
Ferro, C. Macdonald (Eds.) Working Notes of CLEF 2016 -
Conference and Labs of the Evaluation forum, Evora, Portu-
gal, 5-8 September, 2016. Workshop Proceedings. 2016;
1609:691-715. Available at: http://ceur-ws.org/Vol-
1609/16090691.pdf (accessed 30.07.2019). (In Eng.)
Tschuggnall M., Stamatatos E., Verhoeven B., Daelemans W.,
Specht G., Stein B., Potthast M. Overview of the Author Iden-
tification Task at PAN-2017: Style Breach Detection and Au-
thor Clustering. In: L. Cappellato, N. Ferro, L. Goeuriot, T.
Mandl (Eds.) Working Notes of CLEF 2017 - Conference and
Labs of the Evaluation Forum, Dublin, Ireland, September 11-
14, 2017. CEUR Workshop Proceedings. 2017; 1866. Avail-
able at: http://ceur-ws.org/Vol-1866/invited_paper_3.pdf
(accessed 30.07.2019). (In Eng.)

Al-Shaikh A, Sleit A. Evaluating IndexedDB performance on
web browsers. In: 2017 8th International Conference on In-
formation Technology (ICIT), Amman, 2017, pp. 488-494.
(In Eng.) DOI: 10.1109/ICITECH.2017.8080047

Young J.C., Rusli A. Review and Visualization of Facebook’s

ISSN 2411-1473 sitito.cs.msu.ru

FastText Pretrained Word Vector Model. In: 2019 Interna-
tional Conference on Engineering, Science, and Industrial Ap-
plications (ICESI), Tokyo, Japan, 2019, pp. 1-6. (In Eng.) DOI:
10.1109/1CES1.2019.8863015

Huang Q., Mao ], Liu Y. An improved grid search algorithm
of SVR parameters optimization. In: 2012 IEEE 14th Inter-
national Conference on Communication Technology, Cheng-
du, 2012, pp. 1022-1026. (In Eng) DOI: 10.1109/
ICCT.2012.6511415

Shawe-Taylor J., Cristianini N. Kernel Methods for Pattern
Analysis. Cambridge University Press, 2004. (In Eng.)
Fawcett T. An Introduction to ROC Analysis. Pattern Recog-
nition Letters. 2006; 27(8):861-874. (In Eng.) DOI:
10.1016/j.patrec.2005.10.010

Betz M.A., Gabriel K.R. Type IV Errors and Analysis of Sim-
ple Effects. Journal of Educational Statistics. 1978; 3(2):121-
143. (In Eng.) DOI: 10.3102/10769986003002121

Powers D.M.W. Evaluation: From Precision, Recall and
F-Measure to ROC, Informedness, Markedness & Correla-
tion. Journal of Machine Learning Technologies. 2011;
2(1):37-63. Available at: https://bioinfopublication.org/
files/articles/2_1_1_JMLT.pdf (accessed 30.07.2019). (In
Eng)

Custédio J.E., Paraboni I. EACH-USP Ensemble cross-do-
main authorship attribution. In: L. Cappellato, N. Ferro, ].Y.
Nie, L. Soulier (Eds.) Working Notes of CLEF 2018 - Confer-
ence and Labs of the Evaluation Forum. Avignon, France, Sep-
tember 10-14, 2018. CEUR Workshop Proceedings. 2018;
2125:76. Available at:  http://ceur-ws.org/Vol-2125/pa-
per_76.pdf (accessed 30.07.2019). (In Eng.)

Pissanetzky S. Sparse Matrix Technology. Academic
Press, 1984. 336 p. (In Eng.)

(24]

[25]

[26]
[27]

(28]

[29]

[30]

Submitted 30.07.2019; revised 15.08.2019;
published online 30.09.2019.
Ilocmynuaa 30.07.2019; npuxsima k ny6aukayuu 15.08.2019;
ony6aukosaHa oHaatin 30.09.2019.

About the authors:

Conrad K. Simon, Postgraduate Student of the Department of In-
formation Technology, Faculty of Science, Peoples’ Friendship Uni-
versity of Russia (6 Miklukho-Maklaya Str., Moscow 117198, Rus-
sia), ORCID: http://orcid.org/0000-0002-1309-1867,
conradsimon@hotmail.com

Ilya V. Sochenkov, Head of the Department of Intelligent Technolo-
gies and System, Institute for Systems Analysis of Russian Academy
of Sciences, Federal Research Center “Computer Science and Con-
trol” of the Russian Academy of Sciences (44-2 Vavilov Str.,, Moscow
119333, Russia); Principal Researcher, Lomonosov Moscow State
University (1, Leninskie gory, Moscow 119991, Russia), Ph.D.
(Phys.-Math.), ORCID: http://orcid.org/0000-0003-3113-3765, so-
chenkov@isa.ru

All authors have read and approved the final manuscript.

CumoH Konpay KeHboH, acnupaHT kadeapbl HHGOPMALMOHHbIX
TEXHOJIOTHUH, dakynbTeT $usnKo-MaTeMaTHUYECKUX u
eCTeCTBeHHbIX Hayk, 1 Pocculickuil yHHBepcUTET ApYXObl
HapozoB (117198, Poccus, r. MockBa, yi1. Mukiyxo-Maksas, 1. 6),

Modern
Information
Technologies
and IT-Education



578 TEOPETUYECKME BOMPOCHI UHOOPMATUKN, MPUKIAAHOW MATEMATUKY, C. K. Konpag,
KOMMbIOTEPHbIX HAYK 1 KOTHUTNBHO-MH®OPMALMOHHbBIX TEXHONOT U M. B. CouerkoB

ORCID: http://orcid.org/0000-0002-1309-1867, conradsimon@
hotmail.com

CoyeHkoB MWiabsa BilaguMupoBUY, 3aBeJyHOIIUN  OTAEJIO0M
WHTeJJIEKTya/IbHbIX TEXHOJIOTUI U cucTeM, MIHCTUTYT cucTeMHOro
aHanuza PAH, ®@epepanbHbIl HcCaefA0BaTebCKUA — LEHTP
«MHdpopmaTHKa W ynpaBieHHe» PoccHiCKOW aKaJeMHH HayK
(119333, Poccus, . MockBa, yi1. BaBuiosa, 1. 44-2); pyKOBOJUTEb
HanpaBJieHUs 10 pa3paboTKe METOAOB  HCKYCCTBEHHOIO
WHTeJlJIeKTa /Il aHaju3a OOJIbIIMX MaCCHBOB TeKCTOBOM
nHdopMauuu B lleHTpe XpaHeHUsl U aHa/K3a GOJIbIIUX JJAHHBIX,
MOCKOBCKHH TrocyapcTBEHHBbIH yHUBepcUTeT HMeHM M. B.
JlomoHocoBa (119991, Poccus, . MockBa, I'CI1-1, /leHnHCKHE TOPBI,
a. 1), kauaugat ¢pusuko-mMmaTeMaTudeckux Hayk, ORCID: http://or-
cid.org/0000-0003-3113-3765, sochenkov@isa.ru

All authors have read and approved the final manuscript.

CoBpemeHHble

MHGOpMaLMOHHbIe .
TeXHonoruu Tom 15, N2 3. 2019 ISSN 2411-1473 sitito.cs.msu.ru

u UT-o6pasosanve A



