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The present paper starts from a short introduction of the major aspects debated regarding
plagiarism and author identification, along with the principles that are at the base of forming
the property rights laws within the European community and the Anglo-American one. Re-
gardless of the community involved, plagiarism is a form of using others research, as it is or
modified, and presenting it as a personal creation. The terms of creativity and plagiarism are
described in an antithesis analysis, reaching to the concept of originality, defined as a prop-
erty that a creative research paper has when the ideas presented within in are different from
the ones already published by different authors. A metric is implemented in order to obtain a
measurable value in determining the level of originality of a paper. The main ways of testing
a paper of plagiarism, intrinsic and external analysis, are described for choosing the proper
methodology for determining originality of scientific papers. The research leads to the stylo-
metric analysis, a field found at the crossroad of plagiarism, originality and author identifica-
tion. This stylometric analysis is done within the intrinsic plagiarism detection and is formed
on the bases of a number of metrics that describe unique a writing style of a specific author.
The testing platform implies using a set of research papers written by European authors and
extracting the values of eight writing style metrics. A clustering is applied and the best com-

bination of metrics is resulted.
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Introduction

Researches on the intellectual property
rights face determining the level of originali-
ty of a research paper, in contract to the ac-
tion of plagiarism which is defined as the full
or partial ownership of ideas, expressions,
methods or procedures and their presentation
as a personal creation. In the Anglo-
American laws, the economic considerations
and those that refer to public politics are pre-
vailed in the elaboration and development of
the property rights laws while, in the Europe-
an point of view, the moral and civil argu-
ments based the elaboration of the same
laws.
The legislative framework does not resolve
identifying plagiarism and level of originality
of a scientific work. The present paper aims
to apply the legislative property rights in the
context of publishing scientific research pa-
pers.
In practice, there are different types of pla-
giarism, the most common being: copy-paste,
paraphrase, plagiarism through translation in
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different languages, artistic plagiarism, ideas
plagiarism, source code and not using the
proper citations. Article [1] presents the fact
that plagiarism through paraphrase is ana-
lyzed, reaching to a classification of the ma-
jor known types, along with a testing using
software detection of plagiarism at the level
of percentage of correctness by identifying
the paraphrase within a text document.

The present paper is consisted in five chap-
ters, starting from a short introduction of the
major aspects debated, along with the princi-
ples that are at the base of forming the prop-
erty rights laws within the European commu-
nity and the Anglo-American one. Regard-
less of the community involved, plagiarism is
a form of using others research, as it is or
modified, and presenting it as a personal cre-
ation.

Chapter 2 describes the terms of creativity
and plagiarism in an antithesis analysis,
reaching to the concept of originality, defined
as a property that a creative research paper
has when the ideas presented within in are
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different from the ones already published by
different authors. A metric is implemented in
order to obtain a measurable value in deter-
mining the level of originality of a paper. The
main ways of testing a paper of plagiarism,
intrinsic and external analysis, are described
for choosing the proper methodology for de-
termining originality of scientific papers. The
research leads to the stylometric analysis
within the third chapter, a field found at the
crossroad of plagiarism, originality and au-
thor identification. This stylometric analysis
is done within the intrinsic plagiarism detec-
tion and is formed on the bases of a number
of metrics that describe unique a writing style
of a specific author.

Within the fourth chapter, eight stylometry
metrics are extracted from a number of scien-
tific research papers in order to obtain the
best combination that describes best the writ-
ing style of an author. For that, Weka tool
along with the integration of WordNet lexical
ontology analysis are used, obtaining a set of
four metrics that can further describe the
writing style of an author according to its
cultural orientation. Conclusions are high-
lighted in the fifth chapter along with direc-
tions for future research.

2 Creativity and Plagiarism Analysis
Creativity, seen as a form of originality, rep-
resents the characteristic of adding something
new, original and appropriate to reality, de-
fining the novelty and originality. For that, in
order to analyze the level of originality of a
scientific paper, it needs to create an antithe-
sis between this component of creativity and
the plagiarism one.

Starting from the objects used within the pre-
sent research, scientific research papers writ-
ten by Romanian and other European au-
thors, the component of semantic phase is de-
fined as a compact component within a pa-
per, formed out of one or more adjacent
phases, which is significantly different from
the semantic phases prior or subsequent to it.
To say that a work is original is similar to the
result of the evaluation of a paper in terms of
plagiarism.

IEO, Indicator for Originality Evaluation, is
defined as being the ratio between the total
number of original semantic phases reported
to the total number of semantic phases found
within the analysed paper.

IEO = nrorlgmalphrases

nf's

where:

® NTorignal phrases Fepresents the to-
tal number of original semantic
phrases found within the analyzed
paper and is equal to
Card({fs,Vi=1nfs,fs; #
fSi—1, fSi # fSiva, fO(fsi) < €});

e nfs represents the total number
of semantic phrases found within
the paper and is equal to
Card({fs,Vi=1nfs,fs; #

fSi-1, fSi # [Sis1 }),

e fp(x) represents the function for
evaluation of the degree of plagia-
rism found within the semantic
phrases, having values in the rage
of [0; 1];

e ¢ represents the maximum per-
centage rate accepted from the
plagiarism evaluation function
point of view, € € [0; 1].

This metric is closely related to the proposed
definition within [15] regarding originality.
Copyright law emphasizes that "originality"
fundamentally mean that a work that comes
from the inspiration of the author and was
not copied from another source. Hence,
"original™ is used in the sense of the original
in order to identify the source of the work
originates.

The more a work contains fewer phrases that
overlap with previous research, the more the
work will have a higher degree of originality.
This paper uses the concept of plagiarism not
only in the narrow and very known of it,
within the meaning of copied without con-
cern right, moral and legal source text, but in
a sense of the idea, the research topics that
can influence research an author taking into
account previous studies and similar to other
authors. A work is original when treating a
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concept, art, new or existing situation in a
unique manner compared to other studies.
The present approaches to identify plagiarism
include evaluating by comparing two or more
documents. The degree of similarity is used
as a quantitative assessment of the similarity
between two documents on the basis of a sys-
tem of metrics. In the paper [2] it is proposed
a classification of the main metrics used in
plagiarism detection.

In the literature, there are two main strategies
for identifying plagiarism approach, [3]:

e intrinsic, which has the aim of
identifying the passages plagia-
rized by examining only the ana-
lyzed document, concluding if
parts of the material are or not
written by the same author, such
models are presented in [3], [4];

e external, which involves assessing
through comparison of the docu-
ment with other existing docu-
ments within the database od ma-
terial and identifying the pair of
similar documents; multiple stud-
ies analyzes this problem, such as:
[5], [6], [7] and [8].

Intrinsic plagiarism identification technique
uses the writing style of an author as a basis
for comparison. A template is constructed,

consisting in features such as: statistics on
the text, features syntax, parts of speech, or
sets of words commonly used structural fea-
tures of the text. Feature set is attached to a
function evaluation criterion of changes over
the analyzed text. The disadvantages of this
method are highlighted in the case of works
written by several authors.

On the other hand, external approach to pla-
giarism brings benefits for the purposes of
comparing the document with other docu-
ments written by the same author as well as
other documents from the same central area.
The disadvantages are given by the exponen-
tial complexity in relation to the size of the
database for comparison.

3 Stylometry Metrics in Intrinsic Plagia-
rism Analysis

In surveys such as those developed in [9],
[10], [11], [12] and [13] the problems and
ways to integrate plagiarism intrinsic refer-
ring also to stylometry are treated, the writ-
ing style of an author over its history of re-
search or in a document unit.

In the intrinsic plagiarism, in which are con-
sidered internal parts of a document suspect-
ed for plagiarism, Table 1 summarizes the
types of features analyzed, used software
tools and resources involved.

Table 1. Text characteristics, software tools and resources involved in the case of intrinsic
plagiarism

Characteristics Examples

Characters’ frequency
marks)
as!, &, *)

size n (fixed length)

Lexical characteristics
(character oriented)

size n (variable length)
Compression methods
Element oriented:

The richness of vocabulary:
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Character type (letter, punctuation
Frequency of special characters (such
The frequency range of characters of

The frequency range of characters of

Software tools and resources
Character dictiona;ry
Character dictionary

Text splitter

Character selection

Text compression software tools
Tokenization, sentence spitting

Lo
RN - The average length of words

S % 545 - Theaverage length of sentences
8 3o ®  -Theaverage length of syllables
E Q2 words

Tokenization
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- Ratio of single words and total

words
Words frequency

Word frequency function type

Frequency words of size n

The average frequency of words

Lexical errors:

- Misspellings (omitting or inserting

letters)

Tokenization

Tokenization, specific dictionaries
Tokenization

Tokenization

Tokenization, lexical error check-
ing software tools

- Errors of form (use uppercase)

Parts of speech

n
Pieces of text

es
Frequency rewrite rules

Syntactic characteristics

Syntax Errors:
- Fragments of sentences
- Wrong time

Semantic dependencies

Functional dependencies

Semantic
characteristics

Regardless of the methods for identifying
plagiarism type intrinsic or external, it is im-
portant to assess what features should be
considered in order to obtain more accurate
results. These characteristics depend on the
set of documents analyzed, the language they
are written and the type of documents. This
work addresses the type of papers articles.
Also, the language in which the documents
are written is English. To retrieve the original
document from the crowd semantic compo-
nent describing an author affiliation to cul-
ture, components of multidimensional data
analysis are used to identify features that set
the style of writing that optimize the objec-
tive function to extract cultural orientation.

Frequency of parts of speech of size

The structure of phrases and sentenc-

Synonyms, polysemantic words

Tokenization, sentence spitting,
part of speech identification
Tokenization, sentence spitting,
part of speech identification
Tokenization, sentence spitting,
part of speech identification
Tokenization, sentence spitting,
part of speech identification
Tokenization, sentence spitting,
part of speech identification
Tokenization, sentence spitting,
syntactic errors checker

Tokenization, part of speech identi-
fication, words thesaurus
Tokenization, part of speech identi-
fication, words thesaurus
Tokenization, part of speech identi-
fication, words thesaurus

4 Clustering Metrics for Creating a Model
for Description of Author’s Writing Style
For extracting the correct set of writing style
characteristics which defines at the maximum
level the lexical, semantic and cultural com-
ponents of an author by using his own scien-
tific papers, the initial set of characteristics
must be defined. This initial set is the one on
which different combinations are performed.
In this way, the set of writing style character-
istics is composed of the following elements:

o the average length of words;

e the average length of sentences,
measured in number of words;

e the number of connection words
with regards to the total number of
words from the processed docu-
ments;
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e the usage frequency of special
symbols like
{;.Pa#$%&* ({30}

e the richness of the Type-Token
vocabulary;

e the semantic richness of the vo-
cabulary.

Beside the initial set of six writing style
characteristics, two more are defined which
describe better the semantic component. The
first characteristic is the contextual meanings
indicator or ISC and second one is the
weighted indicator of contextual meanings or
IPSC, characteristics that are both deter-
mined based on the WordNet ontology.

In these way the following variables are
used:

e w; is the i word from the set of
words found in the processed doc-
ument;

e s(w;) is the contextual meaning
returned for the word w; using the
Word Sense Disambiguation com-
ponent available in the WordNet
ontology;

e p(s(w;)) is the occurrence weight
assigned for the contextual mean-
ing returned by the s(w;) for the
w; word, weight that is determined
based on a training set and taken
from the WordNet lexical ontolo-
ay.

The ISC is the contextual meanings indicator,
meanings that the author is using them in av-
erage in his scientific papers. The IPSC is the
weighted indicator of contextual meanings
that an author uses them in average in his
scientific papers weighted with the occur-
rences probability of the meanings found in
the WordNet ontology.

The two indicators, 1ISC and IPSC, complete
the initial set of characteristics by integrating
the usage analysis of common or particular
meanings of polysemantic words. The ISC
indicator is based on the following formula:

ISC = i s(wy)
n

where:
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e n is the size of the set that includes
the total number of words extracted
from the analysed document; this set
is not reduced by eliminating the re-
dundant words because of the possi-
bility of using multiple meanings of
one word in the same document de-
pending on context.

On the other side, the IPSC indicator, in-
cludes the ISC but in a more improved form
by integrating the occurrences probability of
each contextual meaning, using the following
formula:

, 1
psc = 2 X 56w

n

IPSC is an inversely proportional variable to
the occurrences weight of contextual mean-
ings of polysemantic words:

1
p(sw)) »1= PG))

\PGw)) - 0= )

The zero value for this variable means that
common meanings have been used in con-
trast with the case when the value of this in-
dicators tends to infinity, IPSC — oo, mean-
ing that the author frequently uses uncom-
mon contextual meanings of polysemantic
words.
For choosing an optimal set of characteristics
that would describe better the cultural affilia-
tion of an author’s scientific papers, the set of
combinations between these eight character-
istics of size NC is defined.
NC=C}+Ci+-+C§
=28
— 1 possible combinations

For choosing the optimal combination an ob-
jective function is defined which must com-
ply with the restrictions of cluster formation
in an unsupervised classification:

e minimizing the inter-cluster disper-

sion;
e maximizing the intra-cluster disper-
sion.

- 0=IPSC -0

— 00 = [PSC —> o
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The role of these two conditions is that the
objects groups of each combination to be as
closely packed together as possible and in the
same time clearly delimited between them.

A group is that set of documents written by
those authors which have the same origin
country. In this regard, the clustering is made
up to the level which defines the country of
origin.

For extracting the cultural component, the
centroid is selected, called also the average
value, for each cluster in hand. In figure 1,
objects A, B, C, D, E, F, G are a representa-
tion example of scientific papers, so that, af-
ter an analysis of the similarity between them
to gradually form clusters.

A B

¢ D E F G

Fig. 1. Representation of object clustering using the hierarchical clustering algorithm, [14]

The dotted line in the Figure 1 is the level de-
fined by authors belonging to countries of the
same origin, thus extracting the cultural
component. For the example in figure 1, the
first group consists of items A, B and C, the
second group of objects D and E, and the
third and final group should cover the last
two items: F and G.

If an analysis for a higher level grouping of
countries is desired, then the hierarchical
clustering algorithm stops above the level de-
fined by the dashed line, level where the

groups are actually made up of multiple
groups of countries previously analyzed.

In order to identify a correlation between the
analyzed characteristics, an open source ap-
plication is required for converting Excel
files in ARFF file type, format needed for the
data mining analysis.

For creating an ARFF file using this EXCEL-
toARFF conversion applications, the Excel
file path is chosen. An example of loading
the excel file into the application in order to
be converted is depicted in Figure 2.
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B

Excel2Arff Converter V. 1.0 -Beta
File Path (*.xls) C:\Users\Madalina\Desktop'\READ_RaportFinal Lgl Sheet Mame Sheetl

(]

(F Load Data Source 3‘ Clear Variable Lists 210

CeDiyez Excel2Arff Converter

LMC LMF PCC FS5 @ Variables Selected Variables
»  PENEETENSIMN 7087091884300, . |0.051586408388... |0.043424961715. iC Variable Name & Type
9.938179422979... |0.089969237599... |0.017900081636... | 0.046826772469.. ";’(‘:"g Hgg Eg
1457644385899, . |5 750197235533, . |0.073997404760... | 0.017025178040.. Fs5 X5 FSSIRD
16.38390148324. . |4.275335254770... | 0.021064561083... | 0.070319479157.. IPSC String | [IPsciRo
1254851270567, | 2.795642001193... | 0.087512838263... | 0015147974293 ELy A
Add >>
21.70525081473... | 12.70344065722... | 0.107443064473... | 0.070985587960.. ac | ACISID
2057290120562, |7.882401412505... |0.091031481144... | 0.052550149173. << Remove
2257231124701... |2.892276412035... | 0.087551832130... | 0089025463282
W
< I e Name (@relation) RELATION 41 Convert
@relation RELATION ~
@attribute LMC real
@attribute LMF real
@attribute PCC real
@attribute FSS real
@attribute 15T real
@attribute IPSC real
@attribute BV real
(@attribute BSY real
@attibute AC {1,2345678])
Edata
18.0969758067439,7.08709188430019,0.0515864083887375,0.0494249617151339,0.330285031124666,0.848140820180515,0.467094902604752,0.230206002930439. 1
9.93817942297918,0.0839692375334632,0.0179000816368839,0.046826 772463989, 0. 255839805334146,0.41465688941717.0. 34225222 7609055,0. 34 7637732414479 1
1.45764438589371 5. 75019723553369,0. 07933 74047604331 0.0170251780400435,0.06 1378177134536 1,0.907434883522153,0.317765653787602,0.234054496612635,1 v

Fig. 2. Input data from Excel to Excel2Arff Converter

Table 2 contains the notations made for the variables used in the model.

Table 2. Notation for variables used within the model

Lexical characteristics Notation Semantic characteristics Notation
the average lengthof  LMC contextual meanings indicator  ISC
words

the average length of  LMF the weighted indicator of con-  IPSC
sentences, measured in textual meanings

number of words

the number of connec- PCC the richness of the Type-Token BV
tion words with re- vocabulary

gards to the total

number of words from

the processed docu-

ments

the usage frequency of FSS the semantic richness of the BSV
special symbols like, vocabulary

{;.?@#$%& ~ O{}[1}

cultural affiliation AC

The next step is to configure the file header
in ARFF format it with the field leading to
the right application. The list of variables is
found in the left side with variable names
from the Excel file, which is extracted auto-
matically from the list the name of each col-
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umn. List on the right is the list of names of
the attributes that are used and integrated into
the ARFF file. By selecting a variable on the
left and right becomes active and selectable
variable type as real variables or strings.
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In Figure 3, the variable LMC is selected to
be configured by choosing real type, and au-
tomatically named 'LMC | R | O, using a
standard prefix, '| R | O'. By selecting the
Add button, variables are selected ARFF file.
Each variable must be selected and config-
ured for the following analysis.

Variables Selected Variables
LMC Wariable Name & Type
LMF LMFIRID
PCC PCCIRID
Fss AC FSSIRID
15C I1SCIRID
IPSC String | | IPSCIRID
BV BVIRID
BESY - ESVIRID
Add > ACISID

<« Remove

Mame (@relation) RELATION

Fig. 3. Variable configuration for inserting in
ARFF format

# | Convert

Weka, Waikato Environment for Knowledge
Analysis, is a software package developed by
University of Waikato, New Zealand, availa-
ble at http://www.cs.waikato.ac.nz/ml/weka/.
The available operations performed using the
Weka open source utility are preprocessing,
classification, data clustering, association
rules application and selecting attributes and
data visualization.

Figure 4 highlights this information after in-
serting the path to the file data Digital Econ-
omy Ranking.

Preprocess | Classify | Cluster | Assodate | Select attributes | Visualize

Open file... Open URL... Open DB...

Filter

Choose  |ClassOrder R 1-CO

Currentrelation
Relation: RELATION
Instances: 187

Attributes

Attributes: 9

Al

None Invert Pattern

[*] Weka Explorer

Generate...

Undo Edit... Save...

Selected attribute
MName: LMC
Missing: 0 {09%%)

Type: Mumeric

Distinct: 187 Unique: 187 (100%:)

Statistic
Minimurm

Value
0.585

Maximum 24.842

No. Mame

Mean 11.354

StdDev 5.602

I
B
BI85

Class: LMC (Num) v

IPSC

H
T

=@ @
o=
oz

A

26

Remaove

Status

23

T T
0.58 12.71 1484

Log w. x0

Fig. 4. Preprocessing phase

For a detailed analysis, figure 5 contains the
statistical indicators calculated for each fea-
ture. ISC has a minimum value threshold of

0.001 and the maximum value of 0795. The
average value for all analyzed objects is
0.354 with a standard deviation of 0.161.
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Selected attribute
Mame: ISC

Missing: 0 {09%%)

Distinct: 187

Type: Mumeric

Unique: 187 (100%%)

Statistic

Minimum

Value

0.

a0l

Maximum

0.

795

Mean

0.

254

StdDev

0.

151

Fig. 5. Statistics upon ISC variable

Table 3 contains the values generated by bles in the model representation, thereby
Pearson correlation between any two varia-

Table 3. Correlation matrix for the input variables

generating the correlation matrix.

LMC LMF PCC FSS I1SC IPSC BV BSV AC
LMC 1
LMF  -0.09288 1
PCC  0.019449  -0.22092 1
FSS 0.021308 0.002204  0.190086 1
ISC -0.06258 0.010711 -0.07782  -0.07395 1
IPSC  0.003019 0.02226  -0.11842 0.16367  -0.04387 1
BV 0.111966  0.094326  -0.02442  -0.06536  0.070833  0.042996 1
BSV -0.01219  0.159938  -0.28752  -0.00267  -0.01054  0.000976 -0.16187 1
AC -0.01207  0.081905  -0.35445 0.057475 0.263434  -0.06313 -0.04487 0.237055 1

Component selection attributes in Weka is
dealing with principal component analysis,
analysis is performed in order to minimize
duplication of information and the relation-
ship of the courts. For the analyzed example,
the eight features are transformed with the
help of six new vectors used to explain the
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information. Transformation is generated in
expression attributes of their values in the
context of minimizing the loss of infor-
mation, keeping the data size as small as pos-
sible. Figure 6 highlights the generated ei-

genvalues.
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Eigenwvectors
V1l Ve W3 e K] Ve
-0.1913 0.4351 0.1871 0.4674 0.6366 0.2337 LMC
0.4236 0.4129 -0.1568 0.0116 -0.2545 -0.2817 LMF
-0.523 0.2431 -0.0418 0.0462 -0.3828 -0.1832 PCC
0.0103 0.5361 -0.4515 0.2758 -0.2236 0.086 F355
0.3891 0.335 0.36582 -0.2554 0.2632 -0.4771 I3C
-0.0761 O0.064& -0.6762 -0.5316 0.4624 0.0324 IPSC
-0.1842 0.4147 0.346%96 -0.5876 -0.1876& 0.4786 BV
0.565 -0.027&6& -0.074 0.1001 -0.1238% 0.&80868 BSV

Ranked attributes:
0.798 1 0.565B5V-0.523PCC+0.424TMF+0.389I5C-0.1911MC. ..
0.827 2 0.536F55+0.4351LMC+0.417BV+0.4131LMF+0.335I5C. ..
0.489 3 -0.676IPSC-0.451F5540.37 BV+0.368I5C+0.187T1LMC. ..
0.37 4 -0.588BBV-0.532TP5C+0.467IMC+0.276F55-0.255I5C. .
0.261 5 0.637LMC+0.462IPSC-0.383PCC+0.263I5C-0.2541LMF. ..
0.17 & 0.609BSVH0.4T79BV-0.47T7ISC-0.282TMF+0.234TMC. ..

Selected attributes: 1,2,3,4,5,6 @ &

Fig. 6. Results of principal components analysis using a selection threshold of 80%

Figure 7 contains the bi-dimensional repre- the eight variables used within the model.
sentation of the descriptive information upon

LMC LMF pPCC
45 3 a4z %

1 T
058 1271 434 002 0.03 188 0 0.00 [RL]
FSS 1sC IPSC
) 45 2 2

20 27

BY BSV AC

0 0.05 or 0 04 0 0 05
51 60 N

0

1
31
b
. 2
3
£ -
31 il 10
31 3
E
18 15
10
T I
0 024 04 0 1 2

Fig. 7. Descriptive information upon the variables used in the model

To analyze which is the combination of vari- ple kMeans to generate the final eight
ables that represent the right part of the cul- groups, eight countries analyzed. Figure 8
tural affiliation of papers, a first step involves  contains the result of applying the algorithm
applying clustering analysis using the princi- kMeans.
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Stratified cross-validation

Summary ===
Correctly Classified Instances a0 32.0858 %
Incorrectly Classified Instances 127 a87.9144 %
Kappa statistic 0.2128
Mean absolute error 0.183
Root mean sguared error 0.3152
Relative absolute error 84.4554 %
Boot relatiwve sgquared error 95.7787 %
Total Humber of Instances 187
=== Detailed RAccuracy By Class ===
TF Rate FF Rate Frecision Recall F-Measure ROC Rrea Class
0.84 0.08 0.8158 0.84 0.712 0.3975 1
0.444 0.181 0.293 0.444 0.353 0.746 2
0.227 0.085 0.263 0.227 0.244 0.628 3
0.158 0.054 0.25 0.158 0.1594 0.6832 4
0.2a7 0.115 0.308 0.287 0.286 0.681%9 5
0.13 0.073 0.2 0.13 0.158 0.5686 [
u] 0.045 u] u] a 0.598 7
0.258 0.154 0.25 0.258 0.254 0.6a72 &
Weighted Awg. 0.321 0.108 0.297 0.321 0.302 0.888
=== Confusion Matrix ===
a b c d e £ g h <—— classified as
21 1 o 1 2 o o 0] a=1
312 3 3 0 0 2 4| EB=2
3 &8 5 0o 1 2 1 41 c =3
2 & 1 3 1 3 0 31 d=4
1 4 3 2 8 4 4 4 2 =5
3 4 2 0o 5 3 o0 &1 £ =4
o 2 2 1 2 0 0o 31 a=7
1 & 3 2 7 3 1 81 h=28
. . 5 .
Fig. 8. Results for the objects’ clustering
. . .
The centroids’ values resulted in the cluster-
ing method applied within figure 8 are high-
lighted in Figure 9.
Nurber of iterations: 10
Within cluster sum of sguared errocrs: 55.25120958404185%5
Missing wvalues glcobally replaced with mean/mode
Cluster centroids:
Clusters
Attribute Full Data a 1 2 3 4 5 & 7
{1&87) (35) {17} (27} {25) {20} {23) {27} (13)
IMC 11.354 11.3251 10.5853 11.4708 11.7412 14.9928 11.0408 11.3045 6.509
IMF 9.4408 13.7694 8.523 16.4861 10.2238 T.7012 5.3409 4.5175 3.001%9
BCC 0.0397 0.0321 0.0307 0.0325 0.0415 0.0813 0.035 0.0389 0.02968
F55 0.0458 0.0665 0.0211 0.0315 0.0841 0.0661 0.01& 0.0231 0.0464
IsSC 0.2541 0.3344 0.169& 0.3114 0.1673 0.2486 0.2042 0.2707 0.2589
IPSC 0.4761 0.4432 0.8357 0.4355 0.5586 0.4815 0.3429 0.2259 0.7515
BV 0.1884 0.1748 0.1493 0.2527 0.1059 0.3555 0.1604 0.1679 0.1389
B3V 0.8993 1.7187 0.472 0.3248 0.5034 0.3377 1.5564 0.37a8 0.9553

Fig. 9. Centroids values for the eight formed clusters

Running all the proposed combinations, the
best which describes the cultural component
determined by the cultural orientation of an
author to its country origin is the one repre-
sented by the set {ISC, LMC, IPSC and
BSV}.

DOI: 10.12948/issn14531305/19.3.2015.10

5 Conclusions

The present paper addresses the problem of
integrating the semantic analysis within the
cultural orientation of authors of scientific
research papers. Conducting the analysis of
stylometric metrics found in the literature re-
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view, siX main characteristics are extracted
and added within the current analysis.

The optimization is done by adding two orig-
inal metrics that combine the known metrics
with a superior analysis of the semantic layer
of the writing style of European authors. The
objective of the paper is reached by cluster-
ing the objects represented by documents
written by European authors and extracting
the set of characteristics that characterize the
best as possible the writing style according to
the cultural orientation of the authors.
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