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Abstract: Texts (books, novels, papers, short messages)
are sequences of sentences, words or symbols. Each au-
thor has an unique writing style. It can be characterized
by some collection of attributes obtained from texts. The
text verification is the case of an authorship verification
where we have some text and we analyze if all parts of this
textwerewritten by the same (unknownor known) author.
In this paper, there are analyzed and compared results of
two developed methods for a text verification based on n-
grams of symbols and on local histograms of words. The
results of a symbol n-gram method and a method of word
histograms for a dissimilarities searching in text parts of
each text are analyzed and evaluated. The searched dis-
similarities call for an attention to the text (or not) if the
text parts were written by the same author or not. The at-
tention depends on selected parameters prepared in ex-
periments. Results illustrate usability of the methods to
dissimilarities searching in text parts.

Keywords: n-grams of symbols, histograms of words, bag
of words, stylistic measure, text dissimilarity

1 Introduction
In a text processing, there are solved problems like an in-
trinsic plagiarism, an external plagiarism, an authorship
attribution, an authorship verification and a text verifi-
cation. The above named problems are very important in
time of Internet. Texts should be copied, combine and so
on and in many cases it is necessary to cover these activ-
ities, for example in student’s solutions of homeworks to
cover copied parts of the solutions.
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Some researchers contributed to the area by a devel-
oping ofmethods to cover an intrinsic and an external pla-
giarism [1–5]. The methods are based on n-grams charac-
teristics. The other authors [6, 7] used local histograms
methods to cover similarities of texts. The problems are
followed by series of scientific events and shared tasks on
digital text forensics - called PAN. Information and bench-
marked texts of PAN are on web page [8]. Basic overviews
of methods applied in solving of the problems are de-
scribed in [9]. The used methods work with a set of texts
mainly.

In our goal "to get information about each text (as
much as possible)" we concentrate to a problem of the text
verification. The text verification problem compares the
similarity of a text of unknown authorship with all the text
of a set of authors and search the most similar one. The
most similar text and the text of unknown authorship are
probably written by the same author. In the same way it is
possible to compare parts of the given text and to find sim-
ilar or dissimilar parts in this text. The problem text part
dissimilarities (TPD) problem is the special case of the text
verification where we have some given text and this text is
split to coherent parts. We analyze if these parts are sim-
ilar/dissimilar. A dissimilarity between two text parts can
give information that text parts are written by different au-
thors.

In the paper, we follow an information given by each
text using some statistics on words, and on small sub-
strings of texts (n-grams). Then the text is split into smaller
parts and we compare the statistical values of these parts
to the complete text and among them too. Ourmain idea is
that "some characteristics of text parts follow characteris-
tics of the complete text" (but it is necessary to cover these
characteristics).

The paper has the following structure: In the second
section, basic notions are defined and according to them
the statistical analysis of some Arabic and English texts is
described. The third section contains a description of sym-
bol n-grams profile method and its application to some
Arabic andEnglish texts. In the fourth section, the analysis
is done using histograms on words applied to occurrences
of words in the text. The fifth section describes an evalua-
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tion of both methods and in the conclusion, a summary of
results and some plan for a future work is written.

2 Background and text statistics
In our text analysis we used English recommended texts
from benchmark [8] and Arabic texts from [10, 11].
We use the following symbols and definitions:
– Γ - a finite alphabet of symbols; |Γ| is the number of

symbols in Γ; in our texts, ΓA will be Arabic and ΓE
English alphabet;

– V - a finite vocabulary of words in the alphabet Γ pre-
sented in the alphabetic order; |V| - the numbers of
words in the vocabulary V;

– T - a text; T = ⟨w1, . . . , wN⟩; wi ∈ V - a finite sequence
of words, N - the number of words in T;

– T = ⟨s1s2 . . . sM⟩, si ∈ Γ; M – the number of symbols
in the text T;

– n-gram - the substring sl+1sl+2 . . . sl+n , l = 1, . . . , M −
n + 1, n = 1, 2, . . . , n - the length of n- grams;

2.1 English texts

The statistical analysis of 4 English texts is described
in Table 1. The longest/shortest analyzed text E1/E4 has
176598/106359 words and 874761/471566 symbols. In
both texts, 3-grams have highest frequency and 3-gram –
the word the is the real word in English language. In the
text E1, 4-gram – the word that has the highest frequency.
In the text E4, the word the has 9.1% occurrences in the
full text and 24.91% occurrences among all words of the
length 3. The frequency analysis of all 4 texts is drawn in
theFig. 1, the right panel. The topof all texts is in the length
3, the 3 symbols long words have the highest frequency.
The majority of words has the lengths 1 − 15. If texts are
analyzed using 3-grams then it is analyzed 25% of real
words. The number of all 3-grams in English alphabet (in-
dependent on capital symbols) is |ΓE|3 = 263 = 17576. It
means, in the case of English language 3-grams are very
usable.

2.2 Arabic texts

The statistical analysis of 4 Arabic texts is described in
Table 2. The longest/shortest analyzed text A1/A4 has
94197/31656words and 395065/135573 symbols. In the
text A1, the realwords of the length3 symbols havehighest
frequency 23287 occurrences and 4-gram– theword allh is

Table 1: Statistics of 4 English texts, the number of words by length
for 1-10 and maximal frequencies of 3 and 4-grams.

Name of texts
E1 E2 E3 E4

Total-words 176598 132020 125487 106359
Total-symbols 874761 607783 498696 471566
Total diff. words 22954 19268 15853 15321

# words
by length 1 5111 4642 4642 3474
by length 2 27250* 17048 20418* 17285

15.43% 16.27%
by length 3 38733 27599 23780 26497

21.93% 20.90% 18.95% 24.91%
by length 4 26321 20909* 18429 19224*

15.83% 18.07%
by length 5 16646 13328 15587 11459
by length 6 14343 10125 9929 8372
by length 7 12341 9130 9519 6514
by length 8 10599 6686 6040 4020
by length 9 7866 4534 5430 3039
by length 10 4957 3335 3485 2039
Max frq. the the the the
3-grams 18790 12808 14829 9742
Max frq. that nthe ofth ther
4-grams 3026 1821 2582 1774

the real word in Arabic language. In A4, 3-gram– theword
nal has the highest frequency.
In the texts (A2, A4), 4-gram – the word fiyal has the high-
est frequency. The frequency analysis of all 4 texts is drawn
in the Fig. 1, the left panel.

If we compare the graphs in the left panel (Arabic
texts) and the right panel (English texts) in Fig. 1, we can
see the following differences in the Arabic texts:
– the highest percentage of occurrences is for words of

the length 3 and 4,
– the majority of words has the length 1 − 10, shorter

than English texts.
The number of 3-grams in Arabic language is |ΓA|3 = 283

and 4-grams is 284. The decision to use 3- or 4-grams de-
pends now on time complexity only. The analysis what is
better for Arabic language is open for us.

In the Fig. 2, the left panel, there is drawn percent-
age of word occurrences in Arabic text A4 and occurrences
of its two disjunctive parts covering the full text (the text
was split into two parts). The similar percentage frequen-
cies are in the right panel for English text E3. We illustrate
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Table 2: Statistics of 4 Arabic texts, the numbers of words by length
for 1-10 and maximal frequencies of 3 and 4-grams.

Name of texts
A1 A2 A3 A4

Total-words 94197 48358 51938 31656
Total-symbols 395065 198019 247448 135573
Total diff. words 14110 9061 25755 10098

# words
by length 1 6 48 183 81
by length 2 13217 7358 5365 4816
by length 3 23287 12130 9353* 7795

24.72% 25.08% 18.00% 24.62%
by length 4 22426* 11653* 9779 6324 *

23.80% 24.09% 18.82% 19.97%
by length 5 15887 8336 9175 5417
by length 6 9459 4931 6605 3364
by length 7 5559 2368 4187 2004
by length 8 1978 891 2460 802
by length 9 921 334 973 349
by length 10 336 91 376 182

Arabic ÕË @ @ @ð @ @ð ÈA
	
K

Latin alm waa waa nal
Max frq.
3-grams 3027 1797 4242 789
Arabic é<Ë @ ÈAJ


	
¯ ñëñë ÈAJ


	
¯

Latin allh fiyal huhu fiya
Max frq.
4-grams 1479 525 797 346

here that if the text is divided into some parts the percent-
age of word occurrences should be very similar to the per-
centage in the full text. It means, the property frequency of
word occurrences can be used to an evaluation of a simi-
larity/dissimilarity of long text parts.

3 Symbol n-gram profile method
The profile of a text will be computed using a dissimilarity
measure applied systematically to text parts. Let
– nT – a finite sequence of all n-grams in T prepared ac-

cording to the text; |nT| = M − n + 1 – the number of
all n-grams in T;

– #onT(g) – the number of occurrences of n-gram g in the
text T;
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Figure 1: Arabic and English texts. The graphs of normalized word
frequencies for 4 texts, the top is for the texts in the length 3. The
left panel shows results of Arabic texts. The right panel shows re-
sults of English texts.

– f nT (g) – the frequency of g in the text T defined as

f nT (g) =
#onT(g)
|nT| ;

– |nA| = |A| − n + 1 – the number of all n-grams in the
coherent text part A;

– #onA(g) – the number of occurrences of n-gram g in the
coherent text part A;

– f nA(g) – the frequency of g in the coherent text part A
defined as

f nA(g) =
#onA(g)
|nA| ;

– dissimilarity measure of two text parts A and B based
on n-gramsof a text T (not necessarydisjunctiveparts)

d (A, B) =
∑︁
g∈P(A)

[︃
2
(︀
f nA(g) − f nB (g)

)︀
f nA(g) + f nB (g)

]︃2
(1)

where f nA(g) and f nB (g) are the frequencies of n-gram g
in the text part A and B, respectively, P(A) is the set of
all different n-grams in the part A;

– if the numbers of occurrences of g in the two text parts
A and B of text are known, a function on n-grams can
be defined

knA,B(g) =
#onB(g)
#onA(g)

, (2)

and the formula (1) can be modified as (3)

d(A, B) =
∑︁
g∈P(A)

[︃
2(|nB| − |nA| * knA,B(g))
|nB| + |nA| * knA,B(g)

]︃2
(3)

The method is based on similarity/dissimilarity of the text
parts and their occurrences of n-grams in comparison to



Dissimilarities Detections in Texts | 171

0 10 20
0

5

10

15

20

25

30

The lengths of words

T
h

e
 p

e
rc

e
n

ta
g
e

 o
f 
o

c
c
u
rr

e
n
c
e
s
 [

%
]

Arabic Text A4

 

 

Full text A4

The first part of A4

The second part of A4

0 10 20
0

5

10

15

20

25

30

The lengths of words

English Text E3

 

 

Full text E3

The first part of E3

The second part of E3

Figure 2: The graphs of normalized word frequencies of one Arabic
and English text, the top is for the texts is in the length 3. Both pan-
els show the results of the full text and of the first and the second
part. The left panel contains results of Arabic text, the right panel
contains results of English text.

the full text T.Wemodify the dissimilaritymeasure defined
by (3) using (2) to normalized dissimilarity measure nd as
follows:

nd (A, T) = 1
|nA| *

∑︁
g∈P(A)

[︃
|nT| − |nA| * knA,T(g)
|nT| + |nA| * knA,T(g)

]︃2
(4)

where T is the full text, and P(A) is the set of all n-grams in
the text part A, knA,T(g) ≥ 1, A is some coherent part of T.
The denominator |nA| ensures that the values of the dis-
similarity function lie between 0 (highest similarity) and
1.

3.1 n-gram profile and a style function

We will evaluate a dissimilarity of text parts to the full
text using (4). The text part will be a window W moving
through the text.

LetW be a slidingwindowof the lengthw (in symbols)
moving through the text by a step s (in symbols). The win-
dow represents a text part and will be moved in each time
to the right by s symbols. The profile of the window W is
defined by the value nd(W , T) (4).

It is possible to define the style function of a text T us-
ing n-gram profiles of the moving windows as follows:

sf (i, T) = nd(Wi , T), i = 1 . . . ⌈M/s⌉,

where Wi is a window, ⌈M/s⌉ is the total number of win-
dows (it depends on a text length). If w > s the windows
are overlapping.

It means, a text part in each windowwill be evaluated
in a comparison to the full text. The size of thewindowand
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Figure 3: The style function of Arabic text A4, the window of the
length 2000 symbols moving by 100 positions using 4-grams (up)
and moving by 500 positions (down).

the step moving should have some influence for a stability
of the style function nd. Thedifferent results are illustrated
in Fig. 3. The figure shows sf function of Arabic text A4,
for 4-grams, the length of the moving window was 2000
symbols. In the above panel themoving step was 100 sym-
bols and in the down panel 500 symbols. In Fig. 3, there is
drawn the line representing the mean of all sf (i, T) values
and the lines of the mean +/- standard deviation.

3.2 Algorithm for dissimilarities in a text

Weexpect that the style function is relatively stable (it does
not change value dramatically) if the text is written by the
same author. If the style function has very different values
(some peaks [5]) for different windows, it is necessary to
analyze the covered parts.

Let µ be a mean value of sf (i, T) function values. The
existence of some peaks can be indicated by the standard
deviation. Let S denote the standard deviation of the style
function. If S is lower than a predefined threshold and pro-
file values in the interval ⟨µ − S, µ + S⟩, then the text parts
(windows) look like consistent text of one author. Thewin-
dows with the profile out of the interval ⟨µ − S, µ + S⟩ will
be analyzed again using the algorithm NGRAM.

The algorithm NGRAM:

1. To compute values of sf function of the text T using
setting parameters;

2. To remove all the text windows with the profile out of
the interval ⟨µ−S, µ+S⟩ from sf . Thesewindows corre-
spond probably to the same author. The reduced text
in windows is T ′.
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3. Let sf (i′, T ′) denote the style function after removing
above described windows. Let µ′ and S′ be the mean
and standard deviation of sf (i′, T ′).

4. The criterion (5) defines a dissimilarity windows i′ as
follows [4]:

sf (i′, T ′) > µ′ + a * S′. (5)

where parameter a determines the sensitivity of the
dissimilarities detection method. For the higher value
a, the less number (and more likely problematic) dis-
similar windows are detected. The value a is deter-
mined empirically (2.0 to attain a good combination
of precision and recall [4]). We used a = 1.

5. Let #dsf be the number of windows constructed ac-
cording to the condition (5). The percentage of dissim-
ilarities can be evaluated by (6)

Pdisc =
100 * #dsf

⌈M/s⌉ (6)

All steps of the algorithm are illustrated in Fig. 4.

4 Histograms of Words
The text will be analyzed using histograms of words. An
introduction to study the method we did in [12], here we
show a new final evaluation using distances. Let
– T is divided into a sequence of coherent text parts, T =

⟨T1, T2 . . . , Tr⟩; r ≥ 1; Ti , 1 ≤ i ≤ r ;
– f jT - a frequency of the word wj ∈ V in the text T .

If the vocabulary V is alphabetically ordered, then it is
possible to do its mapping to integer numbers 1, . . . , |V|.
The texts should be considered as a integer valued time
series (the sequences of the numbers of words in the vo-
cabulary V). The analysis using n-gramprofilesmethoddo
not keep the sequence of the words, it follows occurrences
of the subwords in texts. According to [7] the sequences
of words can be followed in time using weighted bag of
words (lowbow). It can follow a track of changes in his-
tograms connected to words through all text.

The text T has r coherent parts. It is possible to sup-
pose, that each part was written by one author, not nec-
essary different authors. In the method it is analyzed how
different the parts are using histograms of words and their
dissimilarity.

Histograms will be done in the interval ⟨0, 1⟩ and it
is necessary to map text parts into the interval ⟨0, 1⟩. A
length-normalized text part xTi of the text part Ti , 1 ≤ i ≤ r
is a function xTi : ⟨0, 1⟩ × V → ⟨0, 1⟩ such that∑︁

j∈V
xTi (t, j) = 1, ∀t ∈ ⟨0, 1⟩.
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Figure 4: The style function of Arabic text A4, the window of the
length 2000 symbols moving by 100 positions using 4-grams (up)
and moving by 500 positions (down). The binary function in the
down panels indicates windows with a probable dissimilarity (val-
ues greater than 0).

If f jTi is the frequency of j ∈ V in the text part Ti then
xTi (t, j) = f jTi /N of j in the mapping position t. The map-
ping is important because of the different lengths of text
parts.

The main idea behind the locally weighted bag of
words framework [6] is to use a local smoothing kernel to
smooth the original word sequence temporally. Our modi-
fied algorithm is formulated in the following steps.

The algorithm HISTO:

1. To split the text T into r coherent text parts
T1, T2, . . . , Tr , r ≥ 1, Ni is the length of Ti , 1 ≤ i ≤ r.

2. To map a text part Ti to the interval ⟨0, 1⟩.
Let t = (t1, t2, . . . , tN) = (1/N, 2/N, . . . , N/N) be the
vector of values from ⟨0, 1⟩,

∑︀N−1
j=1 (tj+1 − tj) = 1. Each

tj will be associated to the word in the position j in the
text.
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Mapping text of the text part Ti is

MTi(t) = ⟨mdt1 ,mdt2 , . . . mdtN ⟩,

where mdts = f
j
Ti /N, s is a word in the text part Ti and

j is index of word s in the vocabulary V.
3. Let Ksµ,σ(x) : ⟨0, 1⟩ → R be some kernel smoothing

function with location parameter µ, µ ∈ ⟨0, 1⟩ and
scale parameter σ. We take k positions of parameter
µ, (µ1, µ2, . . . , µk), such that

∑︀k
j=1 K

s
µ,σ(tj) = 1.

It is possible to useGaussianProbabilityDensity Func-
tion (PDF) (7) restricted to the interval ⟨0, 1⟩ and
renormalized

N(x; µ, σ) = 1
σ
√︀
(2π)

exp
[︁
−(x − µ)

2

2σ2
]︁
, (7)

Wewill use amodification of the functionN, the func-
tion (8)

Ksµ,σ(x) =
{︃

N(x;µ,σ)
ϕ(1,µ,σ)−ϕ(0,µ,σ) , if x ∈ ⟨0, 1⟩,
0, otherwise.

(8)

where ϕ(x) is a Cumulative Distribution Function

ϕ(x, µ, σ) = (1 + erf
(︁ x − µ
σ
√︀
(2)

)︁
),

where erf (x) = 1√
(pi)

∫︀ x
−x exp(−t

2)dt. Compute vectors
Ksµ,σ(t) for each position µj , j = 1, . . . , k and chosen σ.
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Figure 5: The illustration of the algorithm HISTO on Arabic text A4
(31656 words). In the panel A, there is build the vector MTA4 for
words in the text. The prepared smooth functions Ksµ,σ andN are
shown in the panel B. The panel C shows the application of function
K to vector MTA4.

4. For each text part Ti compute local modified vectors
LH jTi for each position µj , j = 1, . . . , k as follows:

LH jTi (t) = MD(t) × K
s
µj ,σ(t) (9)

LH jTi represents the sequence of histograms usable for
some possible analysis of the text part Ti. The steps 1-4
of the algorithm are shown in the Fig. 5.

5. To analyze dissimilarities of the text parts Ti1 and
Ti2, i1 ≠ i2, 1 ≤ i1, i2 ≤ r using distances of his-
tograms onwords. If a distance of two texts is less than
some border parameter BP*, the texts are similar, a
higher value of the distance express a dissimilarity of
texts. The values of parameters were prepared in ex-
periments
Let H1 = {h1i } and H2 = {h2i } be two histograms of the
same length. The used distance functions:
– Euclidean distance function, a border parameter

BPED

DistEuc(H1, H2) =
(︀∑︁

i
(h1i − h2i )2

)︀1/2 (10)

– Histogram intersection function - its ability is to
handle partial matches when the areas of two his-
tograms are different. A border parameter BP∩D .

Dist∩(H1, H2) = 1 −
∑︀

imin{h1i , h2i }∑︀
i h2i

(11)

If h2i < h1i , 1 ≤ i ≤ |H1| = |H2| then
Dist∩(H1, H2) = 0. If differences between
histogram values H1 and H2 are small then
Dist∩(H1, H2) is closed to 0.

– χ2 statistics function - it measures how unlikely it
is that one distribution was drawn from the popu-
lation represented by the other. A border parame-
ter BPSD .

Distχ2 (H1, H2) =
∑︁
i

(h1i − h2i )2

2(h1i + h2i )
(12)

5 Evaluation
We applied both methods - (1) Character n-gram profiles
method and (2) Histograms on words - on 40 Arabic and
40 English texts.

We verified usability of both methods to cover dissim-
ilarities in texts. Each text should be divided into some
parts and each part can be evaluated in the same way. The
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Table 3: Parameter settings used in the experiments.

Description Symbol value
Character n-gram length English 3
Character n-gram length Arabic 4
Sliding window length w 1000 / 2000
Sliding window moving s 100 / 500
Sensitivity of detection a 1

analyzed texts were chosen from benchmark [8] of English
texts and benchmark [10, 11] of Arabic texts. In the experi-
ments, itwasnecessary to prepare parameters.Wedecided
to use the values of parameters given in the Table 3.

5.1 Symbol n-gram profiles method

We prepared combined texts from parts of two different
texts. It means, the texts were really written by two or
more different authors. Our method covered the dissimi-
larities in such texts. In Fig. 6, it is shown the application
of 4-gram profilemethod on combined Arabic text. The sf ′

function of the combined text has different shape in the
first part and in thefirst part dissimilaritieswere identified.
The percentage of dissimilarities is Pdiss = 43.1734%.
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Figure 6: The style function of combined Arabic text A7A4
(75021+37095 symbols), the moving step 100 positions using 4-
grams. The binary function (the middle panel) indicates problematic
windows. They are analyzed in the down panel. The percentage of
dissimilarities is Pdiss = 43.1734%.

Using parameters in the Table 3 we analyzed the com-
bined texts (it is clear that the texts were written by more

authors) given in Table 4, columns 1 and 3. According to
the results we recommend to use 35% – 40% borders for
the dissimilarity percentage. Itmeans the textswith higher
dissimilarity percentage values need to be analyzed by
some another method.

Table 4: Results of symbol n-gram method for 3 combined Arabic
and 3 combined English texts.

Arabic The percentage English The percentage
Text of dissimilarities Text of dissimilarities

A07A04 43.1734 E03E06 46.9697
A01A03 45.0704 E13E18 49.1228
A03A08 41.3249 E07E09 41.6667

In the Table 5 we show the results of the percentage
dissimilarity for 8 analyzed texts.

Table 5: Results of symbol n-gram method for 4 Arabic texts and 4
English texts (the statistics of the texts are in Table 1 and Table 2).

Text The percentage Text The percentage
of dissimilarities of dissimilarities

E1 53.3383 A1 31.0743
E2 8.0508 A2 26.2561
E3 43.3132 A3 35.2332
E4 27.9174 A4 34.0771

The values higher than 40% call for some attention to
texts, in the presented case texts E1 and E3. In the case
of the combined text A7A4, the result 43.1734% express
quite good a situation (the text is written by two authors),
in the case of English texts E1 and E3 we recommend to do
some next analysis.

We analyzed 40 Arabic and 40 English texts from [8,
10]. We found 5 English texts (E1, E3, E19, E24, E30) and 4
Arabic text (A14, A19, A22, A35) with the higher percentage
dissimilarity than 40%.

5.2 Histograms of words

In the Fig. 7, histograms of words in text parts of the text
A7A4 are drawn for parameters of K function σ = 0.1 and
five values of µ = 0.25, 0.4, 0.55, 0.7, 0.85.

If histograms are normalized into same interval then
they can be compared according to a dissimilarity func-
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tion. A comparison of the histogram distances of two text
parts shows dissimilarities in the combined texts. His-
tograms in the Fig. 7 were done on the same intervals and
they illustrate that they were done on different
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Figure 7: The histograms of four text parts in Arabic text A7A4.
The histograms are drawn for σ = 0.1 and five values of µ =
0.25, 0.4, 0.55, 0.7, 0.85.

text parts. A distance of two histograms in the same po-
sitions in two different text parts can be evaluated using
developed distances (10, 11, 12).
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Figure 8: The dissimilarities of the text part histograms for Arabic
text A7A4. The text part T1 have higher distance values to the other
text parts except intersection distance.

The results for the text A7A4 are shown in Table 6 and
Fig. 8. The results show that the distances of the text part

Table 6: Results of histogram distances of four text parts in the
Combined Arabic text A7A4.

Euclidean distance
A7A4 H1 H2 H3 H4 H5
T1-T2 4.0879 4.3036 5.1475 4.6842 4.4178
T1-T3 3.8826 3.8836 4.9584 4.4012 4.2190
T2-T3 3.2443 3.4931 3.4383 3.5383 3.2439
T1-T4 4.1218 4.0015 5.2247 4.8278 4.6146
T2-T4 3.4153 3.7377 3.8938 4.0560 3.7768
T3-T4 3.0872 2.9601 3.1528 3.3129 3.1432

Euclidean distance - mean value: 3.9423
Intersection distance

A7A4 H1 H2 H3 H4 H5
T1-T2 0.6743 0.6997 0.6502 0.6489 0.6704
T1-T3 0.6537 0.6598 0.6000 0.5798 0.6304
T2-T3 0.6562 0.6032 0.5691 0.5872 0.6500
T1-T4 0.6618 0.6641 0.6376 0.6652 0.7036
T2-T4 0.6581 0.6432 0.6608 0.6837 0.7256
T3-T4 0.7252 0.7091 0.7214 0.7581 0.7861

Intersection distance - mean value: 0.6645
Statistics function distance

A7A4 H1 H2 H3 H4 H5
T1-T2 46.4776 51.0914 58.3920 55.1670 46.0019
T1-T3 42.8903 44.2577 52.7783 49.0519 41.5391
T2-T3 37.6820 39.4750 39.5410 40.1174 34.3253
T1-T4 43.4616 44.5446 55.3728 54.4515 46.9147
T2-T4 37.7778 42.2563 45.5686 46.3336 40.3130
T3-T4 32.1282 31.5597 33.0406 32.9503 29.6607

Statistics function distance - mean value: 43.1707

T1 to the other text parts have higher values than distances
between the residual text parts. In the first step we rec-
ommend to use mean values of distances as border pa-
rameter values, BPED = 3.9423, BP∩DE = 0.6645 and
BPSD = 43.1707. The distances of the text part T1 to the
other parts are higher thanborder parameter values for Eu-
clidean and statistics distances mainly. The values of the
intersection distance are very closed to the border param-
eter value.

The results for the text A4 are in Table 7 and Fig. 9.
The text part T3 has higher distance values than the bor-
der parameter values in the case of Euclidean and statis-
tics function distance, it means the text A4 should be ana-
lyzed again (according to the first method the text A4 has
the percentage of dissimilarities 34.0771%).

6 Conclusion
In this paper, two methods for computation of texts char-
acteristics were developed. The algorithms evaluate a dis-
similarity of texts and they should be used for some clas-
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Table 7: Results of histogram distances of four text parts in the
Arabic text A4.

Euclidean distance
A4 H1 H2 H3 H4 H5

T1-T2 4.5386 4.3280 4.1756 4.2428 4.2627
T1-T3 4.7217 5.0358 5.0575 5.2058 4.8726
T2-T3 5.2419 5.5057 5.1615 5.1572 4.9024
T1-T4 4.0451 3.9419 4.1687 4.1936 4.2578
T2-T4 4.4856 4.3660 4.3544 4.1344 4.3785
T3-T4 4.7468 5.1360 5.1681 5.0481 4.9043

Euclidean distance - mean value: 4.6580
Intersection distance

A4 H1 H2 H3 H4 H5
T1-T2 0.8063 0.7946 0.7747 0.7549 0.7660
T1-T3 0.7999 0.8027 0.8015 0.7997 0.8064
T2-T3 0.8095 0.8145 0.8079 0.8022 0.7760
T1-T4 0.7714 0.7635 0.7719 0.7663 0.7759
T2-T4 0.7495 0.7577 0.7834 0.7649 0.7584
T3-T4 0.7307 0.7215 0.7154 0.7160 0.7456

Intersection distance - mean value: 0.7736
Statistics function distance

A4 H1 H2 H3 H4 H5
T1-T2 56.8219 55.3926 52.1574 52.9932 51.3536
T1-T3 59.6212 62.1068 63.8350 65.0018 58.7666
T2-T3 68.1809 70.8000 66.6500 64.4992 58.2916
T1-T4 51.2219 50.9001 53.3641 54.8419 52.0024
T2-T4 56.4430 57.1799 56.6264 53.9514 53.1499
T3-T4 61.3877 65.1853 66.6711 64.0820 59.1484

Statistics function distance - mean value: 58.7542

sification of texts and an analysis of authorship detection.
Our problem of text part dissimilarity needs to analyze if
all parts of the text were written by the same author (or as
it was declared by authors). A combination of both meth-
ods should be more successful in our research. The first
method was applied for 40 Arabic and 40 English texts
from the corpus [10] and [8] and in an evaluation of texts
to use some classification methods. The result is 25% of
English and 20% Arabic texts belong to texts with higher
values of dissimilarity percentage. The secondmethodwas
applied to 10 Arabic and 10 English texts. The results sup-
port the evaluation of texts according to the first method.
Our researchwill continue in a searching of a newdistance
functions and their weighted combinations to get a better
evaluation of texts.
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Figure 9: The dissimilarities of the text part histograms for Arabic
text A4. The histograms of words in text part T3 have bigger dis-
tances to the other text parts.

References
[1] Meyer zu Eissen S., Stein B., Intrinsic Plagiarism detection, In:

Lalmas et al. (Eds.), Proceedings of the 28th ECIR (10-12 April
2006, London, UK), Springer, 2006, 565-569

[2] Haj Hassan F. I., ChaurasiaM. A., N-GramBased Text Author Ver-
ification,
Proceedings of the ICIIM (7-8 January 2012, Chengdu, China),
IACSIT press, 2012 , 36, 67–71

[3] Kuta M., Kitowki, J., Optimisation of Character n-gram Profiles
Method for Intrinsic Plagiarism Detection, In: L. Rutkowski et
al. (Eds.), Proceedings of 13th ICAISC (1-5 June 2014, Zakopane,
Poland), Springer, 2014, 500-511

[4] Stamatatos E., Intrinsic Plagiarism Detection Using Character
n-gram Profiles, In: G. Sidorov, A. H. Aguirre, C. A. R. Garcia
(Eds.), Proceedings of the 3rd PANWorkshoponUncovering Pla-
giarism, Authorship, and Social Software Misuse (September
2009, Donostia-San Sebastian, Spain), Springer, 2009, 38-46

[5] Stamatatos, E., A surveyofmodern authorship attributionmeth-
ods, J. Am. Soc. Inf. Sci. Technol, 2010, 538-556

[6] Escalante H. J., Solorio T., Montes-y-Gomez M., Local His-
tograms of Character n-grams for Authorship Attribution, In: F.
Castro, A. Gelbukh, M. Gonzales (Eds.), Proceedings of the 49th
Annual Meeting of the Association for Computational Linguis-
tics (19-24 June 2011, Portland, USA), Springer, 2011, 288-298

[7] Lebanon G., Mao Y., Dillon J., The locally weighted bag of words
framework for text representation, JMLR, 2007, 8, 2405-2441

[8] Corpus of English texts: (PAN-PC-11), http://www.uniweimar.
de/en/media/chairs/webis/corpora/pan-pc-11/

[9] Meyer zu Eissen S., Stein B., Kulig M., Plagiarism detection
without reference collections, In. Advances in Data Analysis,
Proceedings of the 30th Annual Conference of the German Clas-
sification Society (2006, Berlin, Germany), Springer, 2006, 359
- 366

[10] King Saud University Corpus of Classical Arabic Texts.
http://ksucorpus.ksu.edu.sa

http://www.uniweimar.de/en/media/chairs/webis/corpora/pan-pc-11/
http://www.uniweimar.de/en/media/chairs/webis/corpora/pan-pc-11/


Dissimilarities Detections in Texts | 177

[11] Bensalem I., Rosso P., Chikhi S., A New Corpus for the Eval-
uation of Arabic Intrinsic Plagiarism Detection, In: P.Forner et
al. (Eds.), Proceedings of the 4th International Conference of
the CLEF Initiative, (23-26 September 2013, Valencia, Spain),
Springer, 2013, 53-58

[12] AlmarimiA., AndrejkováG., Text AnomaliesDetectionUsingHis-
tograms of Words, ACSIJ, 2016, 19, 63-68


	1 Introduction
	2 Background and text statistics
	2.1 English texts
	2.2 Arabic texts

	3 Symbol n-gram profile method
	3.1 n-gram profile and a style function
	3.2 Algorithm for dissimilarities in a text

	4 Histograms of Words
	5 Evaluation
	5.1 Symbol n-gram profiles method
	5.2 Histograms of words

	6 Conclusion

