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Preface

In the present book we study characteristics ofuage based on formalized text
sequences. The study of text as a sequence ousagtities is rapidly developing in
form of articles, omnibus volumes and monographg$att, our linguistic study can be
considered as a part of a very fertile interdisogoly research activity devoted to the
analysis of information sequences. Such sequencesr calso in computational
biology (e.g. in form of DNA strings), in codingetbry and data compression. While
gualitative linguistic analysis searches for rulelsich are important for language
learning, quantitative analysis tries to capturdden mechanisms which are not
necessary for the understanding of language. Exoepertain poetic phenomena, e.g.
rhythm which can be produced consciously, thesehar@sms cannot be learned and
do not represent the core of standard linguistics.

In the present book, a group consisting of mathiemas and linguists —
specialists for a certain language — attemptsdoadier textual phenomena which may
seem to be strange for the “normal” linguistics lditose deciphering may help to
reveal candidates for laws. Laws are the highestdiscience because without them
no theories and no explanations are possible. tinfately, in linguistics the testing of
a hypothesis is never finished, one can at mostatal it to a certain degree. In
practice, this validation will never terminate besa one would be forced to analyze
all languages and, in case of text laws, as mafty &s possible. Here no corpuses can
help because none of them contains the completerisf language, the evolution of
an individual speaker or a complete collectioneot sorts.

Hence our attempts merely reveal a few of thenitdfinumber of facets of a
text. We try to collect data, find models of theehavior in form of hypotheses, test
them, compare the results in texts of eleven laggsiavailable to us and try to create
a research domain which will never be satisfagt@xplored.

We present all observed data in order to enalfleratesearchers to analyze
them applying other methods or other charactearatiand to formulate and test other
hypotheses. We reduced the whole field to speptienomena of description, activity
and specifying, otherwise the study would be tomsive. Nevertheless, we show at
some places the possibility of going into the deytthe hierarchy of phenomena.

Peter Zornig



Contents

Introduction

Descriptiveness vs. activity
2.1. Definitions and tests

2.2. Sequential measurement
2.3. Runs of two elements
Nominality

3.1. Nominality vs. predicativity
3.2. Variability

3.3. Triads

3.4. Runs of three elements
Distances

Some further aspects

5.1. Predicativity motifs

5.2. Length and frequency

5.3. Rank-frequency of predication motifs

Conclusions

References
Appendix
Author index
Subject index

19
33

40
40
45
46
49
53
72
72
74
83

97

99

102
118
119



1. Introduction

Every linguistic entity has an uncountable numbeproperties. Their number
does not depend on the entity itself — as has bapposed for centuries in the
philosophy — but on thstatus quan linguistics as a science. The researchers de-
fine the entities, establish some classificationsoeding to the aim of their
research, search for the links between the pr@gsednd seek the forces that
bring them about. Usually the links between prapsrare substantiated linguist-
ically — as shown in synergetic linguistics — anel based on the assumption that
language is a dynamic system. The text, as the owaplex linguistic entity,
has the most properties of all, comprising boths¢hof hierarchically lower
composing entities and its own ones. While lowdities (except for clause and
phrase) are static or local constructions thatmfound in dictionaries, the text
is in addition asequencef lower units and is able to display a specipleas of
the course of any given property.

The fact that texts are written differently beaaudbkey follow different
(conscious or unconscious) aims is well known. €hare disciplines like text-
type and style classification, language developnbased on texts of the youth,
frequency dictionaries, metrics, speech act, pdyulpgistics, sociolinguistics,
etc. following quite different aims. Some of thedisciplines — or better, some
aspects — have already been partially quantifietlssmme mathematical models
can be found in this research (cf. e.g. Janda 2008 history of quantifying
linguistic phenomena with mathematical models isertban one hundred years
old and the bibliography is very extensive (cf. KiHL995). However, mathem-
atical models are no bearers or warrants of tiiigy merely reflect our striving
for more understandable and more exact capturinth@fresearch object, and
yield us the possibility of operating formally withe “facts” discovered. Dis-
ciplines using mathematics develop faster thanraihes.

Here we shall restrict ourselves to two domaihg éxpression of text
descriptiveness vs. its expression of activity esnmg only adjectives and
verbs, and the nominality vs. predicativity/spetion which is restricted here
to the comparison of noun, adjective and verb gecwwes. Descriptiveness is ex-
pressed by the use of adjectives specifying a nand,some adverbs specifying
both the adjectives and the verbs. Here adverbsdwerbial expressions will be
omitted. The adjectives are usually parts of theinal phrasetfie nice gir) but
they can be added also to the vetie(girl is nice Hungarian:a szép kislany; a
kislany szép Russian:krasivaja devuska; devusSka krasivaja&ith or without
copula according to the grammar of the given lagguaActivity is expressed
(mostly) by verbs and can even be scaled. We sloaltlo it here and take into
account all forms of the verb “to be” only if it Bxpressed overtly, e.g. in
Indonesian, in stressed forms one us@g otherwise it does not exist; in other
languages it may be quite complex, e.g. the pefrdonas ofto be exist but as
copula it is omitted. We omit also the modal anel dther auxiliary verbs if they

1



Introduction

accompany the main verb. A text translated fromlrado-European language
into Indonesian would be here automatically lestvadaf we counted also “to
be”. The cases of Odia and Turkish are describddwbeHere we are not
interested in language typology but in text propsrtVerbs consisting of several
parts, e.g. in sentence like SEBol by som byval chcel urabik. | would like to
work, Hu. Szerettem volna megcsinalmill be considered as 1 verb. Gerunds,
gerundives and participles may be interpreted auegrto the official grammar.
In some languages they have different forms, ellgy. t8ncoval spievajughe
danced singing) butpievajuci muz tancovalthe singing man danced). In the
first case there are two verbs, in the second beeetis an adjective and a verb.
In some languages a decision will be necessarguaral cases. For a survey of
English see Krug (2001), Quirk et al. (1985).

Nominality is both a matter of style and text sperhaps also a matter of
language. One can express the same subject eitreentere verb, e.d.inform
you or one can express this subject using also a regnl convey to you the
information,as is usual in information-theoretical texts. Asitmins, we consider
nominal compounds as one noun even if they comtdilank or a conjunction or
other joining morphemes and ignore the rest, @rgted States; light velocity;
bottle filling machine; Natur- und Kulturschutfll personal namesF¢anz
Lisz), titles Oer Vorsitzende des internationalen Kommitjeeg.

In general, one supposes that lyrical poetry tiseradescriptive and epical
rather active but this need not be the case (gie®m,Cech, Altmann 2013).
Further, one supposes that scientific and judi@at-types are rather nominal
than active, but this must be tested separately.

It has been shown in the literature that theseetlword classes may give a
text a special character: the adjectives emphabzealescriptiveness, the verbs
show the activity, and the nouns may be charatted the nominalized ex-
pression, e.g. in scientific or judicial texts. Tim@mbers of occurrences of these
classes may be combined, their sequences canuiégad and help to disclose
some aspects of the text dynamics.

The study of predicativity/specification could bentinued taking into
account logical predicates of second, third, ... grdey. adverbs are predicates
of both adjectives and verbs, but this way of sgdie text has not been studied
up to now. In the same way, the trees developestme grammars (dependency
and generative grammar) may be reinterpreted s 4bnse: for each word the
downward number of steps in the hierarchy (tred)) e stated and an indicator
can be constructed taking into account the numbbetained. It would be more
appropriate to speak about specification becauseeidsier to state semantically
which word specifies another word than to get protd with the philosophical
concept of predicate. The problem may be considatsd from the topic-com-
ment or thema-rhema points of view.

A slightly more complex task is the scaling of Warlasses; at a deeper
level even the entities of an individual class nieey scaled; for example, the
verbs according to the degree of the activity thegress, e.gio run expresses
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more activity thanto sleep or to the history of the rise of an activity ihet
biological development of Man, e.gat, feel, move, play, think, speakose in
different periods of our development — but thisktageds the cooperation of
biologists and anthropologists; the adjectives rbayscaled according to the
level of the properties (e.gice, pretty, beautiful, magnificent, splendedc.) or
by gradation expressed grammatically or lexicallguns can be scaled accord-
ing to the abstract/concrete scale, specific/gerserale, imagery (cf. e.g. Darley,
Sherman, Siegel 1959; DeVito 1967; Flesch 1950yi®&l979; Pikas 1966;
Kisro-Voélker 1984; Ballmer, Brennenstuhl 1986),.efthe same holds for all
other word classes. Some of the categories have semitinized by psycho-
linguists, child language specialists, grammariagsnanticists, etc. In general
linguistics, it is rather a task for the futuregavif one finds a great number of
trials both in books and on the Internet.

In the present book we shall directly analyzeaietinto account the re-
sults concerning some languages, even if the coyitad been performed using
different principles. We restrict ourselves to th@en aspects and shall not
search for their interrelations with other viewgsirSuch an enterprise would be
infinite and must be left to future research. Ih d@e performed only stepwise.
We consider merely modern journalistic texts; awboally, one could extend
the research to the development of journalistidstdxstorically or scrutinize
other text types.

Quite different approaches to sequences in textsbe found in Mikros,
Macutek (2015).



2. Descriptivenessvs. activity

2.1. Definitions and tests

In order to measure the descriptive-active (dis)dxnjium we use the slightly
modified Busemann-indicator (1925) defined as

V
A+V'

(21 Q=

whereV is the number of verbs in the text aAdhe number of adjectives. The
indicator in this form represents a simple promortused several times for this
purpose (cf. Altmann 1987, 1988; PopesCach, Altmann 2013; Ziegler, Best,
Altmann 2002; Popescu, Lupea, Tatar, Altmann 2015has been used in
psychology and linguistics both for text, style,vesll as characterization of per-
sons, and has a long history beginning with Busem@®25) and continuing

with Antosch (1953, 1959), Goldman-Eisler (1954\kBer (1965), Fischer

(1969), Schlissmann (1948/49), to mention only soimée older works.

If Q > 0.5, we consider the text as “active”; if itamaller than 0.5, we
consider it as “descriptive” one. However, a muckeif classification is possible.
If Q is significantly greater than 0.5, we may consithertext as strongly active;
and, on the contrary, @ is significantly smaller than 0.5, we consider tibet as
strongly descriptive. Further, texts may exist imaef there is no adjective, hence
Q = 1 can occur. We may consider it extremely actoe the contrary, if the
texts contain adjectives but the only verbs aretteshicopulas, we obtai@ = 0,
and consider the text as extremely descriptive.

The adequacy of the simplistic indicator (2.1) tenverified by the fol-
lowing a little more sophisticated approach. Assuha a writer selects times
between a verb and an adjective. Kdbe the number of verbs obtained in the
selections. If the verbs and adjectives are chasétnequal probability, theX is
binomially distributed witlp = 1/2, i.e.

o ne (2T -4()

The probability that the number of verbs is smabtlerequal to the observed
numberV is then

(2.2) P(X<V) :2—1ni[nj

x=0

This sum can also be expressed by means of a legrergric series.
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If the probability (2.2) is smaller than 0.05, wensider the text as
strongly/extremely descriptive (SD), if it is greathan 0.05, as descriptive (DE).
If V> A, one computes

23)  P(X32V) =2—1n z@

x=V

If P is smaller than 0.05, then we consider the texdtamsgly/extremely active
(SA), if it is greater than 0.05, merely active (A)

The test may be performed also asymptoticallyheut much comput-
ation, using the chi-square test shown in Altmah®88: 26ff) and Altmann,
Kohler (2015) and computing

(2.4) )(2:(\/_—'6‘)2
V+A

which is distributed as a chi-square with 1 degreigeedom. It can easily be set
up if we consider the deviations @& and V from the expectation which is
(A+V)/2. The conditions are the same as above. The&eguat normal test yields

(2.5) u=(2Q-1WV+ A

It can be shown that® = X* and the binomial tests yield almost identical
probabilities (ifn is large). For the sake of illustration, consideshort text in
which one finds the sequendg; A, V, A, A, V, VHere we havé = 4,V = 3.
The descriptiveness ratio yiel@= 3/7 = 0.43. Sinc¥ <A, orQ < 0.5, the text
is descriptive. In order to test the significanwe,compute

X2 — (3_ 4)2
3+4

=0.14.

Since this is much smaller than 3.84 (= chi-sqdarex = 0.05 with 1 DF) the
text is descriptive but not significantly descrygti Using the normal test (2.5)
with the critical value £1.96 we obtain

u= (2*3/7- 1\7 = -0.38,

whose square yields almost exactly tfe The respective probability can be

found in tables of the chi-square distribution. Tsymptotic tests work well if

A+V is large but for classification purposes even spalies may be used.
Alternatively, by using the binomial distributiorevobtain
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7 7
Y tut
oixea-23(7)- :

27 27

N |~

Since this probability is very large, there is rason to reject the hypothesis that

the decision between a verb and an adjective islpaccidental.

The texts processed up to now have been analyaedlly under dif-
ferent conditions, but this is the price paid to/ @malysis in social sciences.
Nevertheless, one can perform comparisons or makensents about the
indicator. In Table 2.1 we present a survey of sguklished results and add
some new ones. The last column contains abbrengts follows:

SA = significantly active\( > A, X > 3.84)

AC = active ¥ > A, X < 3.84)

N =neutralQ = 0.5)

DE = descriptive\( < A, X < 3.84)

SD = significantly descriptive/(< A, X > 3.84).

Table 2.1
Some adjective-verb indicators for journalistictgex 11 languages and 86 texts

Text| A | V]| Q| X* |Type
Brazilian-Portuguese

41| 168 0.80| 77.17| SA
32| 61| 0.66 9.04 SA
40 | 130 0.62| 47.65| SA
208|174|0.46| 3.02 DE
115127 0.52| 0.60 AC
82| 193/ 0.70| 44.80| SA
114| 154| 0.57| 5.97 SA
147) 1421 0.49| 0.09 DE
71| 91| 0.5 2.47 AC
10 | 54| 36| 0.40 3.60 DE
11 | 132/ 137{0.51| 0.09 AC
12 | 32| 128 0.80| 57.60 | SA
13 | 139/ 168| 0.55| 2.74 AC
14 | 132| 156|0.54| 2.00 AC
15 | 181|128|0.41| 9.09 SD
16 | 96| 97| 0.51 0.01 | AC
17 | 83| 85| 0.51 0.02 | AC
18 | 46| 97| 0.68 18.19| SA
19 | 84| 83| 0.50 20 N

OO N0 WINEF
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20 | 59| 1417/0.71| 33.62| SA
21 | 43| 80| 0.65 11.13| SA
Portuguese
1 45| 47| 0.51 0.04 | AC
2 30| 28| 0.48 0.07 DE
3 30| 45| 0.60 3.00 | AC
4 28| 41| 0.59 245 | AC
5 39| 54| 0.58 2.42 | AC
6 | 47| 54| 053 049 | AC
7 52| 48| 0.48 0.16 | DE
8 | 44| 56| 0.56 1.44 | AC
9 | 45| 70| 0.61 543 | SA
10 | 41| 63| 0.61 465 | SA
11 | 61| 45| 0.42 242 DE
12 | 68| 61| 0.47 0.38 | DE
13 | 46| 45| 0.51 0.01 DE
14 | 27| 38| 0.58 1.86 | AC
15 | 39| 35| 0.47 0.22 DE
16 | 44| 66| 0.60 4.40 | SA
17 | 27| 39| 0.59 2.18 | AC
18 | 29| 24| 0.45 0.47 DE
19 | 43| 53| 0.55 1.04 | AC
20 | 34| 37| 052 0.13 | AC
Slovak
P1| 35| 39| 053 0.22 | AC
P2 | 44| 73| 0.62 7.18 | SA
P3| 41| 66| 0.62 584 | SA
P4 | 29| 34| 0.54 040 | AC
P5 | 47| 55| 0.54 0.63 | AC
Hungarian
P1| 27| 35| 056 1.03 | AC
P2| 59| 29| 0.33 10.23| SD
P3| 37| 48| 0.56 1.42 | AC
P4 | 41| 29| 0.41 2.06 | DE
P5| 63| 43| 0.41 3.77 DE
Croatian
P1| 8 | 41| 0.83 22.24| SA
P2 | 8 | 29| 0.78 11.92| SA
P3| 32| 52| 0.62 4.76 | SA
P4 | 46 | 66| 0.59 357 | AC
P5 | 31| 52| 0.63 5.31 SA
Chinese

T1 | 52]225/0.81]108.05/ SA
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T2 | 91| 470/ 0.84| 256.04| SA
T3 | 33 [436]0.93|346.29| SA
T4 | 70 | 382/ 0.85| 215.36] SA
T5 | 48 | 362/ 0.88| 240.48| SA
Persian
T1 |150(135|0.47| 0.79 DE
T2 |154|110|0.42| 7.33 SD
T3 |130| 70 | 0.35] 18.00| SD
T4 |147|115|0.44| 3.91 SD
T5 |222|145|0.40| 16.16 | SD
German
T1| 24| 46| 0.65 6.91 SA
T2 | 36 | 114/ 0.76| 40.56 | SA
T3 | 38| 66| 0.63 7.54 SA
T4 | 37| 55| 0.60 3.52 A
T5 | 42| 61| 0.59 3.50 A
Odia
T1 |49 | 55| 0.53 0.35 | AC
T2 | 37| 43| 0.54 045 | AC
T3 | 46| 59| 0.5 1.61 AC
T4 | 68| 56| 0.45 1.16 DE
T5 |59 | 70| 0.54 0.94 | AC
Russian
T1 | 15| 24| 0.62 2.08 | AC
T2 | 18| 25| 0.58 1.14 | AC
T3] 9 | 19| 0.68 3.57 AC
T4 |31| 26| 055 053 | AC
T5 | 37| 29| 0.44 0.97 DE
Turkish
T1| 62| 58| 0.48 0.13 DE
T2 | 84| 84| 0.50 0.00 N
T3 |188| 73 | 0.28] 50.67 | SD
T4 |125| 45| 0.26| 37.65| SD
T5 |159| 52 | 0.25| 54.26 | SD

The Brazilian-Portugueseand Portuguesedata were taken from Ziegler
(1998, 2001) as ready results but without the mtasen of the sequences.
Nevertheless, they can be used for some purpostsoas below.

The Chinese, Croatian, German, Hungarian, Odieside Russian, Slo-
vak and Turkish texts were taken from the curreasg (cf. Appendix).

Our way of obtaining data was not the same irtades but a certain de-
gree of uniformity has been attained. The problemsnected with data col-



Descriptiveness vs. activity

lection will be here touched using the cases ofaQaine of the Indian languages,
and of Turkish, as a representative of the Tur&mify.

Odia occupies a strategic position among the mthaguages, i.e. in the
middle of the Indo-Aryan and Dravidian speakingaateThe state of Odisha is
actually the only state in India where there islrgest number of Dravidian and
Munda languages speakers. Hence though Odia haswdely accepted as an
Indo-Aryan language, it is full of Dravidian and Nia characteristics. In fact, a
detailed analysis would persuade us to acceptat @gole. The most important
piece of evidence comes from the use of the copidarverb in it. The Dravid-
lan languages’ genius is not to use the ‘be’ verlihie equational sentences.
Consider the following Telugu example:

(1) ra:zmuDu manci pillawa:Du
Ram good child
‘Ram is a good boy.’
Notice that this sentence is verbless. But Hindistriuave the ‘be’ verb in a
similar sentence. The following example is illustra:

(2) ra:m accha: laDka: hai

Ram good boy is

‘Ram is a good boy.’
Due to its millennia-old contact and convergencehwbravidian, the Odia
language does not use the ‘be’ verb (copula) inlairstructures, e.g.:

(3) ra:ma bhala pila:

Ram good child

‘Ram is a good boy.’
Though some highly traditional people forcibly wse inflected ‘be’ verb /aTe/
(from the root /aT-/) in written Odia, it is useeither in the standard spoken
variety nor in the texts written by conscientiousters.

Another significant point regarding the use of topula in Odia is that it
makes a clear distinction between nouns and adgsctiConsider the following
examples:

(4) ra:ma pila:Ta: bhala

Ram child good

‘As a boy Ram is a good.’
Notice that (4) has the adjective /bhala/ ‘gooditeace-finally. Therefore, it is
also quite acceptable to use:

(5) ra:ma pila:Ta: bhala achi

Ram child good is

‘As a boy Ram is a good.’
In other words, if there is an adjective at the eha sentence like (4), the ‘be’
verb can be used optionally as in (5) whereas s s not allowed if the
sentence ends in a noun like (3).

There is another intriguing characteristic of Otlat has never been
discussed by any Odia grammarian or linguist. ThoQylia, like most other
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Indian languages, is predominantly a verb-finaglaage, when it comes to the
use of the ‘be’ verb it is either verbless or oatayily verb-medial. For example:

(6a) se mo ba:pa:

he my father
‘He is my father.’
(6b) se hele mo ba:pa:
he is my father
‘He is my father.’
If the verb in (6b) is moved to the sentence-fipakition it will be ungram-
matical in the intended sense, e.g.:
(7) se mo ba:pa: hele
he my father became
‘He became my father.’
It means ‘he’ is not ‘my’ real father, but ‘he’ lm@oe ‘my’ father due to some
reason. It should be mentioned here that the Rvitioda language was most
probably verb-medial and Khasi, an Austroasiatiigleage and a sister of the
Munda languages, verb-medial even today. So itlmamargued that the verb-
medial Odia example in (6b) is, in fact, an ins@ retention of the Munda
characteristic. Thus, the use of the verb ‘be’ gigfollows either the Dravidian
or the Munda pattern.

The structure of Turkish is somewhat differentnir¢that of many of the
Indo-European languages, and the traditional Gr&aooan distinctions do not
always apply to it as readily as they do to Greekatin. This poses a problem
to the present work, in which it is possible to o that multiple ways. The one
chosen here can be described very briefly as ped@nd functional.

What we mean by this is that in order to achidwe practical goal of
meaningfully comparing Turkish with Indo-Europeamdaother languages, we
are more concerned with the function the specifards have in the specific
context, than with their morphological structureaoly other property. This is not
to say that we look at Turkish as if it were andsieluropean structure dressed in
Turkic words. We extract from it a set of featutiest are already there, only it is
a different set than the one that comes to theifotlee most natural of ways.

Perhaps the most contentious is the treatmertieobb-calledzafet con-
structions, and of participles, especially thosedrk and-acak For a detailed
explanation, the reader must be referred to ornthefgrammars of Turkish (cf.
Banguglu 1986; Ersen-Rasch 2001; Swift 1963; Stachow$§KI9Q. Here, we
will only adduce, as an illustration, two and afladlthe sentences upon which
our results are based.

(8) Kuran'in  ilk  ayetlerinin vahyedilgi
Koran-Gen. first verse-Pl.-Px3Sg.-Gen. to revesddivedik-Px3Sg.
N A N A
Kadir Gecesi bu ayin
Qadr night-Px3Sg. this month-Gen.
A N A N

10
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icindedir.
inside-Px3Sg.-Locative-predicative suffix
Y,

The Night of Qadr, revealed in the first verseshef Koran, is in this
month.

(9) Festivalin  Ulkenin ve dinyanin edebiyat
festival-Gen. country-Gen. and world-Gen. literatu
N N N A

glindeminin nabzini tutguinu
agenda-Px3Sg.-Gen. pulse-Px3Sg.-Acc. to kdtePx3Sg.-Acc.
N N N

soyleyebiliriz.
to say-Potential-Aorist-1PI.
Y,

We can say that the festival keeps a finger ompthige of the country's
and world's literary agenda.

As a general, though not exceptionless rule, thiébative element of the first
and second izafet was counted as an adjectiveheofthird izafet as a noun.
Hencedinyanin edebiyat ginderm (9) is reduced to the sequence N A N.
Similarly, Kadir Gecesiin (8) is represented as A N, regardless of tleart)
nominal translation into English.

For the participles irdik and -acak there was no general rule. In (7),
vahyedildgzi was considered an adjective because that is fistiin in this
context, whiletuttugunu in (9) is clearly employed as a noun. The majooty
participles were most often considered adjectiveses such as (9) were less
frequent, and rarer still were situations suchhasane in (10). Note also that the
nominal elements in compound verbs are not cousgpdrately.

(10) ... satin aldiniz kitabin parasini

purchase takdik-Px2PIl. book-Gen. money-Px3Sg.-Acc.
A N N

duristlik kutularina birakip kitap

honesty box-Pl.-Px3Sg.-Dat. to leaye-book

A N V A

kesfine devam ediyorsunuz.

discovery-Px3Sg.-Dat. continuation to do-Presdtit-2

N Vv

... leaving the money for the books you bought mltbnesty box, you
[pl.] continue the discovery of books.

11
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The same reasoning, and the ideas of practicalityfanctionality, apply at the
level of sentences. We follow the native speakiatsiition of the authors of the
texts, and do not break sentences in what theyasative middle of an utterance,
merely because we happen to run into a conjugaddal \Fhe notion that the end
of the sentence is the only place where a Turkesth ynay and must be, is al-
ready rather rebutted by the use of participlehaagin (10), and the very ex-
amples one encounters in spoken and written texts.

In every language there are some problems rergletinresults relative —
the fate of all scientific enterprises. Neverths)aege are sure that an appropriate
analysis can unveil the laws concealed somewhedfesibackground.

The style, the text type and the language carhbeacterized by means of
the activity-descriptiveness vector defined as @E¥ector of qualifieds)

(2.6) QV =[SA, AC, N, DE, SDJ,

where the elements represent the number of textsigndhe above properties.
For the analyzed data we obtain the results predentTable 2.2.

Table 2.2

QV-vectors of activity-descriptiveness

L anguage and texts| SA |AC|N | DE | SD
1 BrazilianPortugues 9 | 7| 1| 3 1
2 Portuguese 3 100 7 0
3 |Slovak 2/ 3]0 | O
4 Hungarian 0O 20 02| 1
5 |Croatian 4, 1 0 0 | O
6 |Chinese 5 0 00| O
7 Persian O O 01 | 4
8 (German 3| 20 00 0
9 |Odia O] 401 | 0
10Russian O 4 01 ] 0
11[Turkish Ol 0|1 1 3

One could, of course, present the vectors in T2lden relative values yielding a
better optical survey especially if the numbersiedts are quite different, but
here we shall consider only those languages fochwve analyzed 5 texts.

As can be seen in Table 2.1 and 2.2, languageshaagy an expressed
trend. Only a comparison with other text typesha given language could show
whether the trends are properties of texts typesfdanguage. The identity of
Odia and Russian in Table 2.2 does not mean ar@sallt: increasing the num-
ber of texts or taking other text types would sydange the result.

12
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Let's consider the well known formula of the casiof the angle between
two vectors

v,
(2.7) costty ===,

M0
where o; (expressed imadians) is a measure of dissimilarity between dbwe-

sidered vectors. Consider, for example, the BaziPortuguese (9,7,1,3,1) and
Portuguese (3,10,0,7,0) texts. Computing (2.7) ltaio

_ 93 + 719+ {0+ By+ (1P _ 118 _
cosy; = = =
JP+72+ 2+ F+ P 3+ 16+ 6 7+ 6 11.8743(12.5698)

= 0.7906

and the radian iarccog0.7906) = 0.6590. Numerical values for the conyuanri
of vectors considered above are given in Tablé2l8w.

Odia Russian | Turkish

Slovak 0.6314 | 0.6314 | 1.5708
Hungarian 0.6293| 0.6293 | 1.0443
Croatian 1.3333| 1.3333| 1.5708
Chinese 1.5708| 1.5708 | 1.5708
Persian 1.5119| 1.5119| 0.3155

Braz.-Port. 0.8851| 0.8851| 1.3921
Portuguese 0,4350| 0,4350 | 1.4201

German 1.0026 | 1.0026 | 1.5708
Odia X 0.0000 | 1.4976
Russian X 1.4976

13

Table 2.3
Dissimilarity anglesy; in radians
L anguage 1 2 3 4 5 6 7 8
1| Slovak X 0.9828| 0.7378§ 0.554¢ 15708 0.4253 0.6529 9483
2| Hungarian | 0.9828 X 0.1617] 15708 1.0643 0.9404 0.4473 1.1920
3| Croatian 0.7378 | 0.1617 X 0.2452 15708 0.4985 1.1324 0.3430
4| Chinese 0.5547 | 1.5708] 0.2452 X 1.5708 0.7107 1.3298 0.5889
5| Persian 1.5708 | 1.0643 1.5708 1.5708 X 1423 1.4353 1.5708
6| Braz.Port. | 0.4253 | 0.9404)] 0.498% 0.7107 1.42}3 X 0.6590 0.2921
7| Portuguese | 0.6529 | 0.4473] 1.1324 1.3298 1.4353 0.6590 ) 0.8[765
8| German 0.3948 | 1.1920] 0.3430 0.5889 1.5708 0.2921 0.8]765 X
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Note that 1.5708 ®/2. The numbers in Table 2.3 can be used for ¢ieaton
or at least for ordering the texts/text types. § sompute the mean radians for
each class expressing the differetewall other text sefsve obtain

Turkish: 1.3450
Persian: 1.2949
Chinese: 1.2732
German: 1.1920
Croatian: 1.0034
Odia: 0.9999
Russian: 0.8888

Hungarian:  0.8533
Brazilian: 0.8227
Slovak: 0.8153
Portuguese: 0.7917

Needless to say, many more texts would be negessarder to perform
a first typological description based on Busemammdcator. By adding a new
language or new texts, the similarities changeviritconjecture that the more
data are collected the more stable will be the rangéclassification. On the other
hand, journalistic texts may change their imagthecourse of time not only on
political grounds. Thus the study of the historyjairnalistic texts shown from
this point of view could tell us something aboug¢ thnguage itself. The above
ordering does not show any typological or genatienections.

The unity of the style of journalistic texts ifaguage can be stated in a
different way. One compares &)-values of a language with another using the
asymptotic normal test

— |Q1_Q2|
2.8 = )
@8 U= FaQ) +valQ)

SinceQ is a proportion, one can use the above simplifiggmptotic test
(2.5). Again, if §i < 1.96, the texts can be considered similar.Heuytf there are
n texts and more than(n-1)/4 of them are similar, the given text sort dan
considered uniform; or the style of the writer ve tgiven texts is uniform — of
course, merely concerning his activity/descripte®&n In our terms, in the above
criterion (2.7),Q = VI(A+V) and Var(Q) = Q(1-Q)/(A+V) becaus&) is a pro-
portion.

Performing the above test we obtain the resulfslasvs: For Slovak, the
results are displayed in Table 2.4, for Hungarianable 2.5, for Croatian in
Table 2.6, for Chinese in Table 2.7, for Persiaimable 2.8, for German in Table
2.9, for Odia in Table 2.10, for Russian in Tabl&12 for Turkish in Table 2.12.

14
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Table 2.4
u-tests for differences @ in Slovak texts
Text 1 2 3 4 5
1 X 1.23 1.21 0.12 0.13
2 1.23 X 0.0 1.04 1.20
3 1.21 0.0 X 1.02 1.17
4 0.12 1.04 1.02 X 0.0
5 0.13 1.20 1.17 0.0 X
Table 2.5
u-tests for differences @ in Hungarian texts
Text 1 2 3 4 5
1 X 2.85 0.0 1.74 1.90
2 2.85 X 3.13 1.04 1.16
3 0.0 3.13 X 1.88 2.08
4 1.74 1.04 1.88 X 0.0
5 1.90 1.16 2.08 0.0 X
Table 2.6
u-tests for differences @ in Croatian texts
Text 1 2 3 4 5
1 X 0.58 2.79 3.38 2.65
2 0.58 X 1.85 2.30 1.74
3 2.79 1.85 X 0.43 0.13
4 3.38 2.30 0.43 X 0.57
5 2.65 1.74 0.13 0.57 XX
Table 2.7
u-tests for differences @ in Chinese texts
Text 1 2 3 4 5
1 X 1.06 4.55 1.38 2.45
2 1.06 X 4.62 0.44 1.79
3 4.55 4.62 X 3.90 2.51
4 1.38 0.44 3.90 X 1.29
5 2.45 1.79 2.51 1.29 X
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Table 2.8
u-tests for differences @ in Persian texts
Text 1 2 3 4 5
1 X 1.18 2.68 0.70 1.79
2 1.18 X 1.54 0.46 0.50
3 2.68 1.54 X 0.02 0.01
4 0.70 0.46 0.02 X 1.00
5 1.79 0.50 0.01 1.00 X
Table 2.9
u-tests for differences @ in German texts
Text 1 2 3 4 5
1 X 1.54 0.31 0.78 0.87
2 1.54 X 2.13 2.62 2.81
3 0.31 2.13 X 0.53 0.63
4 0.78 2.62 0.53 X 0.51
5 0.87 2.81 0.63 0.51 X
Table 2.10
u-tests for differences @ in Odia texts
Text 1 2 3 4 5
1 X 0.12 0.48 1.17 0.21
2 0.12 X 0.33 1.20 0.07
3 0.48 0.33 X 1.67 0.29
4 1.17 1.20 1.67 X 1.45
5 0.21 0.07 0.29 1.45 X
Table 2.11
u-tests for differences @ in Russian texts
Text 1 2 3 4 5
1 X 0.37 0.51 0.68 1.82
2 0.37 X 0.85 0.30 1.44
3 0.51 0.86 X 1.18 2.24
4 0.68 0.30 1.18 X 1.22
5 1.82 1.44 2.24 1.22 X

16




Descriptiveness vs. activity

Table 2.12
u-tests for differences @ in Turkish texts
Text 1 2 3 4 5
1 X 0.28 3.81 3.85 4.35
2 0.28 X 0.46 4.59 5.21
3 3.81 0.46 X 0.34 0.82
4 3.85 4.59 0.34 X 0.41
5 4.35 5.21 0.82 0.41 X

In Slovak, the texts have a quite unifodunctus there is no significant dif-
ference. In Persian, there is only one signifiagdifference (between texts 1 and
3); the same holds true for Russian (texts 3 andi®)Odia there is none. The
greatest non-uniformity can be found in Turkishkifig the meanu of 10
comparisons in every language, we obtain the “nafeumity”-ordering as

follows:
Turkish 2.412
Chinese 2.399
Croatian 1.642
Hungarian 1.578
German 1.273
Russian 1.062
Persian 0.988
Slovak 0.709
Odia 0.699

This ordering is surely not language-dependenttditdependent. Perhaps, the
analysis of other text types could emphasize laggdamilies.

The test for similarity can be performed also ggime chi-square test for a
2 x 2 table or applying Fisher’'s exact test. Trst $atistic is

2 _ (A_VZ B '%Vl)z n
(29) x° = LAY

whereny = A1 +V, p=A+Vo,n=nm+n, A=A+A, V=V, +V, The
result has the chi-square distribution with 1 degoé freedom and is approxi-
mately the square af in formula (2.8). Consider, for example the Turkisxts
T1landT 2. We havR, = 62,V; = 58,n; = 120;A, = 84,V, = 84,n, = 165,A =
62 + 84 =146y =58 + 84 = 142n =n; + n, = 120 + 165 = 285. Inserting these
numbers in (2.9) we obta’ = 0.07838. The square root yields 0.28 which is
exactly the value given in Table 2.12 obtainedoimT of theu-text.

The indicatorg) of individual texts can be considered a varialvid the
test for difference between two text groups or leages can be constructed also

17
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using the mea®-values. For German texts we obtain €gGerman) = (0.65,
0.76, 0.63, 0.60, 0.59) yielding a me&h = 0.65 and a varianc¥ar(Q) =

0.00372. Hence, the variance @ is Var(Q) = V(Q)/(n-1), in our case

0.00372/4 = 0.00093.
In order to perform an asymptotic normal test fbiference of two
languages (restricted to journalistic texts) we use

(2.10)u = |(§1_Qzl ’
\/Var(Ql) L varQ)

n-1 n-1

wheren is the number of texts of the given group. Compasll groups with one
another we obtain the results presented in Tall@ 2.

Table 2.13
Differences between mean Busemann coefficientsxngroups

Brazilian | Portuguese| Slovak | Hungarian | Croatian | Chinese| Persian
Brazilian X
Portuguese 1.4843 X
Slovak 0.2494 1.2940 X
Hungarian 2.1806 1.5420 2.0726 X
Croatian 1.8719 2.7869 2.0542 3.1837 X
Chinese 8.2732 12.3110 | 9.043f 7.2985 2.9476 X
Persian 4.7658 4.5383 4.7926 0.6809 4.7025| 13.9307 x
German 1.5833 3.0149 1.8528 3.1291 0.6918| 5.27717 5.6366

Odia |Russian|Turkish
Brazilian | 1.7016| 0.0963 3.3289
Portuguese| 0.4895 0.0912| 2.8412
Slovak 1.5411 0.0869| 3.2489
Hungarian | 1.2837 1.8509| 1.2401
Croatian 2.9103 1.7324| 4.0800
Chinese 11.3714 6.2646| 7.6475
Persian 3.6542 3.4450| 0.9344
German 3.1256| 1.3721| 4.1080

Odia X 1.1288| 2.6043
Russian X 2.9689
Turkish X

18
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The test is two-sided because there is no reaspropmse one-sided trends.

Usually, one performs a classification or expregbe results by means of
a graph. However, if there are many languagestigées, one obtains results
which are not quite lucid and do not help theorpstouction. First many texts
must be analyzed, then a hypothesis concerningyp&s and languages must be
formulated and tested; the resulting graph canlbinating in the end. Using
factor analysis one can obtain a kind of groupihthe languages.

2.2. Sequential measurement

The activity of the texts can be captured also dynally. There are two
possibilities: (1) One counts the proportionlMo$tepwise; in this way one obtains
either a beta function or a Morse function (cf. €qu,Cech, Altmann 2013);
the curves need not be monotone increasing butdeyeasily be integrated into
the unified theory. (2) One counts the number obs€X) up to theY™" adjective.
The sequence is non-decreasing and the resultivg ¢s1 a characteristic of the
text (cf. Ziegler, Best, Altmann 2002). Mostly sta power function but it may be
both convex and concave, it can even display a@myicharacter. Consider, for
example, the sequence VAAVVAAAYV, then up to thesffiA there is 1V; up to
the secondA there is 1V; up to the thirdA there are 3/'s, etc. We obtain a
sequence

A 1 2

3 4 5 6
Vv 1 1 3 3 3 4
The non-existing last (sixth) has been added in order to include\édl. Texts
can be classified according to the course of thectian (convex, concave,
sigmoid, wave form) or according to the valueshef parameters of the applied
functions. Texts can be compared with one anothelifferent ways using dif-
ferent methods.

Consider first the Slovak text T 1 where we obtam sequence

[AV,VVAVV,AV,AV,AV,AVV,AVAAAVAAV, VV,AAVAVA,
V,A/AV.AAAAVVVAVAAVVAVAVVAVVA V,VAVVAA,
V,V,AAV,V,AV]

7 8 9 10 11 12 14 15 16 17 18 19 20 21 22 23 24

A 6 1
Vv 8 10 11 11 11 12 12 1% 16 17 18 18 19 19 19 19 22 23

12345
03567
25 26 27 28 29 30 31 32 33 343b
23 25 26 28 30 32 34 34 36 36338

Fitting the power functioly = axX to this data we obtaipn= 1,0976 %8 with R?
= 0.9736. The parametarshows merely the beginning of the course; the-para
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meterb is the measure of activity. The greatebim the exponent of the power
function, the stronger is the course of activity.

The parameters of the curves for the data in wliics adequate are
shown in Table 2.14.

Table 2.14
Slovak. Sequential measurement
The power functioty = ax’ for the course of activity in journalistic texts

Text| a b R?

T1 ]1.0976 0.9818| 0.9736
T2 |3.2768] 0.8096| 0.9704
T3 |0.5767| 1.2638| 0.9835
T4 |1.6436|0.8787| 0.9618
T5 | 1.0426/ 1.0350| 0.9766

80 Slovak press
A,V sequences - -
T T

60{ |---T2 ‘.

number of verbs

50

Figure 2.1. Increase of activity: Slovak
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Slovak, a and b parameters

1,3
y =1,0525x **""° ; R*= 0,9171

1,2 -
1,1+
1,0 -
0,9

0,8 1

0,5 1,0 1,5 2,0 2,5 3,0 3,5
a
Figure 2.2. Dependence bbna, Slovak

Table 2.15
Croatian. Sequential measurement
The power functioty = ax’ for the course of activity in journalistic texts

Text a b R?
T1 2.4672 | 1.3296| 0.9258
T2 1.4117 | 1.3492| 0.9507
T3 1.7701 | 0.9831| 0.9848
T4 1.2099 | 1.0510| 0.9929
T5 0.1526 | 1.7207| 0.9417
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80 - Croatian press
AV sequences
T1
T _T2 ‘
= /
g 604 | 13 ,/-_.
g --—-T4 B =
. Vd
- = T E Ll
(o] "" -
T ' .-
o =" A
2
= s |
c ko sed T
: /'/”/
I I L I I
10 20 30 40
A
Figure 2.3Increase of activity in Croatian
1,8 Croatian, a and b parameters
. y =1,2766x *'**° ; R*=0,4648
1,6 -
b 1,4-
[
1,2 -
]
1,0 - @

0,0 0,5 1,0 18 2,0
a

Figure 2.4. Dependence bona in Croatian
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As can be seen, the first two Croatian texts sisodgviate from the course of
the other ones. The course in the fifth text isiagvy, hence the power function
does not capture the trend significantly. But ppshahe study of more
journalistic text would improve the general tendenc

Table 2.16
Hungarian. Sequential measurement
The power functioty = ax’ for the course of activity in journalistic texts

Text a b R?

T1 0.1890] 1.5671| 0.9534
T2 0.9555| 0.8570] 0.9615
T3 0.1515] 1.5953] 0.9571
T4 0.2048| 1.3336] 0.9946
TS 0.7697| 0.9933] 0.9881

50 -
40 - ;0
0 [~
o] v
T -
o
> e
= -
(o)
S Hungarian press
-CE2 A,V sequences
5 T
c 5 it 2 2
----- T3
wigamsis [l
—eees TH

Figure 2.5. Increase of activiily Hungarian
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Hungarian, a and b parameters
1,6 - o y = 0,8741x **'"®° ; R*=0,9329
. @
1,4 - =,
]

b 1,2-

1,0 - e

‘o
0,8 -
0,0 0,2 0,4 0,6 0,8 1,0

a

Figure 2.6. Dependence bbbnain Hungarian

Table 2.17
Chinese. Sequential measurement
The power functioty = ax’ for the course of activity in journalistic texts

Chinese
Text a b R?
T1 2.0700| 1.1752| 0.9585
T2 4.3182| 1.0432| 0.9948
T3 22.5892 0.8444| 0.9602
T4 5.6749| 0.9985| 0.9846
T5 7.7702| 1.0003| 0.9854
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500 -
Ve
8 400- " 7
a’ : i P
>
[
O 300-
Q
o]
g Chinese press
c 200 A,V sequences
T
-=-=-T2
1004 .- 2,0 ~ . T3
—-—- T4
---=-T
0 . 8 ]
0 80 100
Figure 2.7. Increase of activilly Chinese
1,21 Chinese, a and b parameters
° y =1,2865x *'™3 ; R?= 0,9707
1,1
..
b 1,0- e . ®
0,9 -
" e
0:8 4 I L | L I x I 1
0 5 10 15 20 25

a

Figure 2.8. Dependence lbbnain Chinese
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Table 2.18
Persian. Sequential measurement
The power functioty = ax’ for the course of activity in Persian journaligtts

Persian
Text a b R?
T1 2.1433| 0.8330| 0.9818
T2 0.1755| 1.2787| 0.9959
T3 0.1795| 1.2186| 0.9920
T4 3.4579| 0.7054| 0.9910
T5 2.6828| 0.7402| 0.9914

150 -

-

(=]

o
!

Persian press
A,V sequences
T1

e I

number of verbs
(4]
o
1

T v T v T T T v 1
0 50 100 150 200 250
A

Figure 2.9. Increase of activity Persian
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W Persian, a and b parameters
y =0,9103x *"*" ; R*= 0,9821
1,24 ¢
b
1,0 -
o
0,8 o
e 3
®
I I I I 1
0 1 2 3 4
a

Figure 2.10. Dependence lmbnain Persian

Table 2.19
German. Sequential measurement
The power functioty = ax’ for the course of activity in German journalistxts

German
Text a b R?
T1 |0.3402| 1.5179| 0.8863
T2 |2.4649| 1.1149| 0.9848
T3 |2.8359| 0.8226| 0.9605
T4 |0.4490| 1.3462| 0.9867
T5 |1.9394| 0.9004| 0.9822

27




Descriptiveness vs. activity

German press
120 | A,V sequences
™ /
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Figure 2.11. Increase of activity German
1,6 1 German, a and b parameters
o y =1,1536 >**"* ; R?= 0,8060
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0,8- ¢
I ] I
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Figure 2.12. Dependencelmbnain German
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In German, the deviation in one text as compared thie other ones may cause
a strong reduction of the determination coefficient

Odia. Sequential measurement

Table 2.20

The power functioty = ax’ for the course of activity in Odia journalistic tex

number of verbs

80 -

Odia
Text a b R?
T1 |2.2254| 0.8141| 0.9869
T2 |1.3488| 0.9541| 0.9847
T3 |1.0561| 1.0339| 0.9680
T4 |1.3301| 0.8691| 0.9850
T5 ]0.4917| 1.2050| 0.9822
Odia press

A,V sequences
T

60

Figure 2.13. Increase of activity Odia
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Odia, a and b parameters
1,24 & y = 1,0049x **%*¢ ; R*= 0,9072
1,1-
b
®

1,0 - :

‘.
0,9- '

[
0,8 =

0,5 1,0 1,5 2,0 2,5
a

Figure 2.14. Dependence lmbnain Odia

Table 2.21
Russian. Sequential measurement
The power functioty = ax” for the course of activity in Russian journaliggsts

Russian
Text a b R?
T1 |2.1342|0.9021| 0.9086
T2 |1.4683| 0.9987| 0.9732
T3 |6.3161| 0.4615| 0.8965
T4 |3.2392| 0.6556| 0.9426
T5 ]1.0471| 0.9270| 0.9903

As to the dependence df ona, in Russian and Turkish one can observe a slight
deviation from the usual course. For a better rié @an use the Zipf-Alekseev
functiony = axX® * " ¥ which, perhaps, better captures the local deviatiterey

is our parametelp andx is our parametes. As can be seen in Figures 2.16 and
2.18, this adaptation is better, but one cannotkndether further texts would
speak in the favour of the power function.
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30 -

Russian press
A,V sequences
T1

number of verbs

20 30 40
A

Figure 2.15. Increase of activity Russian

Russian, a and b parameters
dot: y = 1,0506*x ****"; R*=0,7607

solid: y = 0,9524*x/*1212-0301%In). p2= 0 9074
1,0 - e
0,8
b
0,6 1
0,4 I I I I I I I
1 2 3 4 5 6 T
a

Figure 2.16. Dependencelmbnain Russian
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Table 2.22
Turkish. Sequential measurement
The power functioty = ax’ for the course of activity in Turkish journalistiexts

Turkish
Text a b R’
T1 |0.0465|1.7132| 0.9622
T2 |0.8425| 1.0272| 0.9937
T3 |0.1728| 1.1369| 0.9917
T4 |0.2559| 1.0757| 0.9961
T5 ]0.0835|1.2630| 0.9910
100 -
/)] [
= 80 - /
(1] I
> "
"'6 .
° 60 '
o P
Q i
g & %" | Turkish press texts
c i el A,V sequences
N
20 - /, < T3
s T
0 = " ! I ! | -..'--Tsl
0 50 100 150 200
A

Figure 2.17. Increase of activity Turkish
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Turkish, a and b parameters
dot: y = 0,8674x > ; R*=0,7125

L y =1,0651*x(0,1481 - 0,0969*In(x)); R*= 0,9412
o

1,6 1

1,2 -
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Figure 2.18. Dependencel@bnain Turkish

Nevertheless, it can be shown in all cases thagtbater the parametar the
smaller getd. It can be supposed that, in general, the rung dd not have a
constant length. They are controlled by some kihdetf-regulation evoked by
the beginning of the text.

We can state that from the sequential point ofvuieere is some regular-
ity operating in the text. We do not want to cakhilaw because we still miss an
explicative derivation and its links to other propes of texts. Besides, the
number of texts and languages analyzed so farysmedest.

2.3. Runs

Regularities of sequential organization can beistudrom different points of
view using different methods. Since we considereatyetwo categoriesA and
V), we can test the randomness/structuring of tlgeiesece using the theory of
runs. A run is an uninterrupted sequence of theesaymbol. These methods
have been used in text analysis several timese(gf. Altmann 1988; Altmann,
Altmann 2008). Our problem is (1) to state whetier sequence &'s andV's
contains too many/few runs, (2) to compare thegstnacture of two texts. That
means, runs present a kind of view of text develemnand not a simple evalu-
ation of frequencies. A significantly active texdnchave a quite “normal” se-
quential structure and vice versa.

Let the number ofA's in the text ban,, that ofV's ny andna + ny = n. Let
the number of runs o&'s ber,, that ofV's ry andra + ry = r. That meansn is
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the number of entities in the sequence and the number of runs. We shall
consider all texts as large samples, i.e. we sisallalways approximations.
Example.Let us consider a slightly longer text, i.e. onghwmanyA's and
V's, e.g. the Slovak text T 4 [V,V,A/AV,AV,AV,V,V,AV,AV,VAYV,
AV.VV,AV.V.AAAAVAAA VAV,AAAV VAV, VVVV, A AVA,
V,AV,V,AA, V,V,AV,V,A]
There are

Na=29,Nny=34,Nn=63,r,=19,ry,=19,r = 38,

The asymptotic normal test for the randomness efsdimple is defined as (cf.
Brownlee 1960: 169)

(2.11) 2= n(r-1)-2n,n,
|:2nAr\/ (2myn, - n):|1/2
n-1

We decide as follows: If z > 1.96, then the numieruns is significantly large;
if z < -1.96, then the number of runs is signifitaismall. A significantly large
number of runs means a rather conscious alternafigsis andV’s; a signific-
antly small number of runs means a kind of structuthe text, making pre-
ferences place-wise, the heaping of adjectives \artds. In a text withz ¢
<-1.96; 1.96> there is no structuring, the numberuas is random. Here we
obtain

L. 63(38- 1) 2(29)34 —146
{2(29)34[2(29)3& 63]”

63-1

that means, even if the text displays a preferdoceactivity, the ordering of
entities is random; there is no significant (toa#rar too large) number of runs.

The results concerning journalistic texts who%e-\fsequences were
available to us are presented in Table 2.23

Table 2.23
Runs ofA andV
Text Na Ny n ra ly r y4
Slovak
T1 35 39 74 24 24 48 2.37
T2 44 73 117 30 30 60 0.81
T3 41 66 107 23 24 47 -0.94
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T4 29 34 63 19 19 38 1.46
T5 47 55 192 31 31 62 2.07
Hungarian
T1 27 35 62 17 18 35 0.92
T2 59 29 88 21 21 42 0.51
T3 37 48 85 20 19 39 -0.84
T4 41 29 70 23 22 47 2.99
T5 63 44 107 30 39 60 0.44
Croatian
T1 8 42 50 8 8 18 1.93
T2 8 29 37 7 7 14 0.23
T3 32 52 84 18 18 37 -0.84
T4 46 66 112 32 33 65 1.97
T5 31 52 83 18 18 36 -0.91
Chinese
T1 52 225 277 39 40 79 -1.28
T2 91 470 561 82 82 164 1.64
T3 33 436 469 30 31 61 -0.48
T4 70 382 452 57 57 114 -0.96
T5 48 362 410 43 44 87 0.30
Persian
T1 150 135 285 79 79 158 1.77
T2 154 111 265 72 72 144 1.77
T3 131 70 201 52 52 104 1.83
T4 147 115 262 71 71 142 1.50
T5 222 145 367 92 93 185 0.94
German
T1 24 46 79 15 16 31 -0.41
T2 30 114 144 24 25 49 0.13
T3 38 66 104 26 26 52 0.59
T4 37 55 92 25 25 30 1.04
T5 42 61 1133 33 34 67 3.33
Odia
T1 24 46 79 15 16 31 -0.41
T2 30 114 144 24 25 49 0.13
T3 38 66 104 26 26 52 0.59
T4 37 55 92 25 25 30 1.04
T5 42 61 103 33 34 67 3.33
Russian
T1 15 24 39 10 9 19 -0.16
T2 18 25 43 14 14 28 1.93
T3 9 19 28 6 7 13 -0.10
T4 21 26 47 12 13 25 0.23
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T5 37 29 66 21 21 42 2.14
Turkish

T1 62 58 129 29 30 59 -0.3%

T2 84 84 168 45 46 91 0.97

T3 188 73 261 62 62 124 2.7%

T4 125 45 179 40 40 80 2.54

T5 159 52 211 35 35 70 -1.74

Again, the run structure of two texts can be camgausing the normal
test. Several linguistic examples can be foundrotjgnn (1980). Let us define

Ma My N r for the first text and
Na My N rs forthe second text.

The expectation of the number of runs for the giteet is
_2n,n, +n
(2.12) E(r) =—2Y—
n
and the variance

(2.13)Var(r) = 2nAr\,nz((2nnﬁ rllg L) :

The asymptotic normal test is then defined as

_ I =1, —[E(r) —E(r)]
e JVar(r) +var(r,)

As an example let us compare the Slovak texts 12adgcording to Table 2.2.3
we haver, = 48,r, = 60, Ef,) = [2(35)39 + 74]/74 = 37.89, B} = [2(44)73 +
117])/117 = 55.91, Var() = {2(35)39[2(35)29 — 74]}/[7473)] = 18.1386,
Var(r,) = {2(44)73{2(44)73 — 117]}/[117(116)] = 25.5152, hence

_ 48-60- (37.89- 55.91)
U= £0.91
J18.1386+ 25.5152

All results are presented in Table 2.24.
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Table 2.24
u-test for comparison betwe&v-runs of individualSlovak texts

Text 1 2 3 4 )
1 X 0.91 2.27 0.76 -5.13*
2 0.91 X 1.23 0.25 5.55*
3 2.27* 1.23 X 1.64 7.29*
4 0.76 0.25 1.64 X 6.52*
5 -5.13* 5.55* 7.39* 6.52* X

As can be seen, only text 5 differs significantlym all the rest. Besides, there is

a significant difference between text 1 and 3.

Table 2.25

u-test for comparison betwe&w-runs of individuaHungarian texts
Text 1 2 3 4 )

1 X 0.25 1.23 -1.53 -0.58

2 0.25 X 0.16 -0.69 -0.78

3 1.23 0.16 X -3,65* -2,.47*

4 -1.53 -0.69 -3.65* X 0.76

5 -0.58 -0.78 -2.47* 0.76 X

In Hungarian there are two significant differences.

Table 2.26
u-test for comparison betweé&v-runs of individualCr oatian texts

Text 1 2 3 4 )

1 X 1.14 1.54 -1.15 1.60

2 1.14 X 0.86 -1.72 0.92

3 1.54 0.86 X -2.01* 0.04

4 -1.15 -1.72 -2.01* X 2.06*

5 1.60 0.92 0.04 2.06* X

In Croatian there are 2 significant differences.

Table 2.27
u-test for comparison betwedV-runs of individualChinese texts
Text 1 2 3 4 5
1 X -2.08 -0.89 -0.15 -1.18
2 -2.08 X 1.69 1.87 1.21
3 -0.89 1.69 X 0.64 -0.51
4 -0.15 1.87 0.64 X -0.95
5 -1.18 1.21 -0.51 -0.95 X
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Table 2.28
u-test for comparison betweé&v-runs of individualPer sian texts
Text 1 2 3 4 5
1 X 0.08 0.30 0.25 0.51
2 0.08 X 0.22 0.18 0.45
3 0.30 0.22 X -0.02 0.28
4 0.25 0.18 -0.02 X 0.28
5 0.51 0.45 0.28 0.28 X
Table 2.29
u-test for comparison betweé&v-runs of individualGer man texts
Text 1 2 3 4 5
1 X 0.06 -0.02 0.56 -0.42
2 0.06 X -0.06 0.43 0.40
3 -0.02 -0.06 X 0.42 -0.29
4 0.56 0.43 0.42 X -1.52
5 -0.42 0.40 -0.29 -1.52 X
Table 2.30
u-test for comparison betwedV-runs of individualOdia texts
Text 1 2 3 4 5
1 X -0.31 -0.13 3.12 -2.46
2 0.31 X -0.37 2.61 -2.52
3 -0.13 -0.37 X 2.74 -1.99
4 3.12 2.61 2.74 X -4.71
5 -2.46 -2.52 -1.99 -4.71 X
In Odia, seven out of ten comparisons are sigmfica
Table 2.31
u-test for comparison betwedV-runs of individualRussian texts
Text 1 2 3 4 5
1 X -1.52 -0.07 -0.28 -1.82
2 -1.52 X 1.62 1.15 -0.48
3 -0.07 1.62 X -0.24 -1.91
4 -0.28 1.15 -0.24 X -1.49
5 -1.82 -0.48 -1.91 -1.49 X
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Table 2.32
u-test for comparison betwe&v-runs of individualT urkish texts
Text 1 2 3 4 5
1 X -0.46 -1.92 -2.06 1.60
2 -0.46 X -1.29 -1.27 1.83
3 -1.92 -1.29 X 0.21 3.22
4 -2.06 -1.27 0.21 X 3.58
5 1.60 1.83 3.22 3.58 X

The above tables show the extent of uniformityaarpalistic texts. If we take
into account the ten comparisons in every lang@agkcount the significant dif-

ferences, we obtain the order

modest step in this type of investigation.

~NOOWwWwNEFE O

Russian, German, Persian,

Chinese

Croatian, Hungarian

Turkish
Slovak
Odia

Hence Russian, German and Persian have a steadtrugture.
No family relationship can be recognized here,thig is merely the first

Our aim is rather to see how one type of speciboafactivity vs. de-
scriptiveness) increases in texts. Though it caexXpected that phenomena ex-
pressed in texts have some properties and beha@ria way (i.e. express some
activity), we conjecture that whatever the kindlué text type, there is some law
in the background. One cannot learn to act accgrtinaws (just as in physics),

one simply obeys them. In this way some regularitan be observed in texts
created subconsciously by the writers. Here wetisizad merely some of them,

but there are surely many others whose detectiocesséates time and teams.
One can approach new vistas both inductively anductesely, and, finally,
everything must be inserted in a theory.
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If in a language nouns differ formally from verlisen the same event can be ex-
pressed either using a verbal or an equivalent mainphrase. In English one
simply uses different synsemantics, éqlaughvs. the laugh;in German one
places an article before the verb to obtain a neum,lachenvs. das Lachen;
practically all languages have some means to chartymamic expression into a
static one. There are styles which prefer nomipabécause it sounds more
“formal”, e.g. judicial texts. In German, this fastknown since the i4century.
There are, of course, nouns designating more srdeson, but here we do not
perform measurements of the degree of activity.

Nominality as a whole can be measured (a) eitlggrdmparing the num-
ber of nouns in a text with that of all other pawtsspeech, or (b) simply with
that of verbs in order to evaluate the contrast{afgler, Best, Altmann 2002).
Both views strongly depend on grammar and writingtoms.

Nominality can be scrutinized from different pa@irdf view: (i) To show
the state (way of expression) of the given texgeneral; (ii) to study the course
of nominality in individual parts of the text, e.ghapters, strophes, stage play
acts; (iii) to study the linguistic behavior of imttlual persons in a novel or a
stage play; (iv) to evaluate the nominalizing teqhe in individual languages,
i.e. for language comparison; (v) to evaluate th&tohical development of
language from one type to another; (vi) to seaashtlie relationship between
nominality and other properties of language, ices¢arch for laws which may
exist in this domain and incorporate nominality text or language theory
following Kohler’'s synergetic approach (1986, 2Q0%here is, for example, a
hypothesis linking nominality with sentence lengtie stronger the nominality
the shorter the sentence length (cf. BuBman 1980). 3Here we shall merely
touch some problems, but, in general, we shall @dhe the description of
nominality vs. specification. The rest is left fature research.

If we investigate nominality vs. specification, wempare the number of
nouns (which name the objects) with that of pragsaf the first level, namely
adjectives and verbs. The first type says how theabd is, the second says what
it does. The words of the sentence can be scalsuatding to the level of their
predicativity (specification level) — e.g. advedre predicates of the second level
because they say something about (specify) thectadge and verbs, etc. One
could analyze the sentence also using the philosalpboncept of predicates
starting from Aristotle, but we shall consider henerely the first level. The
result can be generalized.

3.1. Nominality vs. predicativity

The first problem is stating the equilibrium betwewminality and predicativity.
If the text is to some extent stylistically “neutraone may expect that each noun
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is specified by an adjective and it “does” somaghitdence equilibrium is
attained if each of these parts of speech is repted equally. Considering here
n=A+ N +V, one can test the hypothesis of equilibrium ughegychi-square
test

_(A-n/3)° (N-n/3)° (V-n/3y
n/3 n/3 n/3

(3.1) X?

The result depends, in part, on the way of countihgne omits auxiliary verbs,
modal verbs, and compound verb forms, languagesbeilmore similar than
with considering exhaustedly everything, i.e. ewsord in the sentence. For the
sake of illustration let us consider the first joalistic texts in Brazilian-Por-
tuguese. We obtain the vector

(A,N,V) = (41, 165, 168)
(n=374,n/3 = 124.67), and the chi-square is

X? = (41 — 124.67)124.67 + (165 — 124.67124.67 + (168 — 124.69124.67 =
=56.15 + 13.05 + 15.06 = 84.26

a very high value signaling strong disequilibriufthe greatest contribution to
the chi-square is yielded by the small number géaives, hence, the text is
non-descriptive, as shown also above.

Testing simply nominality vs. predicativity, thepected value oN is n/3
and that ofA+V = 2n/3 that is

_ (A+V-2n/3F _(N- n/3f
2n/3 n/3

(3.2) X?

In the above example we obtain

X? = (41 + 168 — 2(374)/3)2(374/3)] + (165 — 374/3)374/3) = 19.57.

This value indicates a significant deviation frotre trandomness. Since the
number of nouns is much greater than expectedietktecan be considered as

significantly non-predicative (= nominative). Contipg the chi-square values
for all text we obtain the results presented inl&&bl.
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Table 3.1
Testing for nominativity vs. predicativity in 11lnguages
(SN = significantly nominative, SP = significanpyedicative, NE = neutral)

Text No Vector (ANN,V) | Sum| X° Type
Brazilian-Portuguese
(Ziegler 1998)
1 (41, 165, 168) 374 19.57 SN
2 (32,119, 61) 212 49.59 SN
3 (40, 255, 130) 425/ 136.00 SN
4 (208, 689, 174)| 1071 463.13 SN
5 (115, 238, 127) 480 57.04 SN
6 (82, 308, 193) 583 99.78 SN
7 (114, 392, 154) 660, 201.71 SN
8 (147, 338, 142) 627 119.43 SN
9 (71, 163, 91) 325| 41.38 SN
10 (54, 129, 36) 219| 64.44 SN
11 (132, 383, 137) 652| 189.42 SN
12 (32, 98, 128) 258 2.51 NE
13 (139, 391, 168) 698 161.62 SN
14 (132, 496, 156) 784 316.08 SN
15 (181, 458, 128) 767| 240.19 SN
16 (96, 298, 97) 491| 165.39 SN
17 (83, 200, 85) 368 73.18 SN
18 (46, 203, 97) 346| 99.96 SN
19 (84, 223, 83) 390 99.8D SN
20 (59, 146, 141) 346| 12.283 SN
21 (43,117, 80) 240 25.67 SN
Portuguese
(Ziegler 2001)
1 (45, 96, 47) 188| 26.60 SN
2 (30, 86, 28) 144| 45.13 SN
3 (30, 100, 45) 175| 44.64 SN
4 (28,119, 41) 188| 75.96 SN
5 (39, 115, 54) 208| 45.12 SN
6 (47, 126, 54) 227| 50.22 SN
7 (52, 92, 48) 192| 18.38 SN
8 (44, 135, 56) 235| 61.49 SN
9 (45, 131, 70) 246| 43.92 SN
10 (41, 134, 63) 238| 56.50 SN
11 (61, 164, 45) 270 91.27 SN
12 (68,178, 61) 307 83.92 SN
13 (46, 140, 45) 231 77.32 SN
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14 (27, 116, 38) 181 77.04 SN
15 (39, 163, 35) 237 133.97 SN
16 (44, 111, 66) 221 28.38 SN
17 (27, 108, 39) 174 64.66 SN
18 (29, 145, 24) 198| 141.84 SN
19 (43, 146, 53) 242 79.37 SN
20 (34, 181, 37) 252 168.02 SN
Slovak
T1 (35, 126, 39) 200 79.21 SN
T2 (44, 124, 73) 241| 35.60 SN
T3 (41, 148, 66) 255 70.04 SN
T4 (29, 104, 34) 167 62.95 SN
T5 (47, 150, 55) 252 77.79 SN
Hungarian
T1 [27,85,35] 147 | 39.67 SN
T2 [59,111,29] 199 | 45.12 SN
T3 [37,121,48] 206 | 59.83 SN
T4 [41,102,29] 173 | 51.90 SN
T5 [63,109,43] 216 | 28.52 SN
Croatian
T1 [8,94,41] 146 72.00 SN
T2 [8,84,29] 121 | 80.91 SN
T3 [32,95,52] 180 | 31.27 SN
T4 [46,205,66] 319| 139.20 SN
T5 [31,166,52] 249 | 12450 SN
Chinese
T1 [52,343,225] 620| 134.90 SN
T2 [91,489,470] 1050 82.80 SN
T3 [33,405,436] 874| 66.52 SN
T4 [70,497,382] 949 | 154.78 SN
T5 [48,353,362] 763| 57.42 SN
Persian
T1 [150,494,135] 779| 317.21 SN
T2 [154,362,110] 627| 168.74 SN
T3 [130,382,70] 583| 272.81 SN
T4 [147,435,115] 697| 265.18 SN
T5 [222,475,145] 841| 200.69 SN
German
T1 [22,88,46] 158 | 35.56 SN
T2 [30,184,114] 328 76.49 SN
T3 [38,163,66] 267 | 92.29 SN
T4 [37,135,55] 227 69.79 SN
T5 [42,112,61] 215| 34.05 SN

43




Nominality

Odia
T1 [49,270,55] 404 | 254.13 SN
T2 [37,132,43] 212 | 79.85 SN
T3 [46,179,59] 284 | 112.68 SN
T4 [68,165,56] 289 | 73.42 SN
T5 [59,192,70] 321| 101.29 SN
Russian
T1 [15,72,24] 111 | 49.66 SN
T2 [18,100,25] 143 | 86.19 SN
T3 [9,99,19] 127 | 113.78 SN
T4 [21,101,26] 148 | 81.17 SN
T5 [37,89,29] 155 | 40.46 SN
Turkish
T1 [62,188,58] 308 | 106.39 SN
T2 [84,322,84] 490 | 231.20 SN
T3 [188,281,73] 542 | 83.58 SN
T4 [125,254,45] 424 | 134.72 SN
T5 [159,232,52] 443 | 72.24 SN

There is only one text which has a neutral strgctail the other texts
show a clear preference for nominality, most proypdhe classical topic-com-
ment or thema-rhema structure.

It is well known that the chi-square used in trosni increases linearly
with increasing sample size. Different coefficieh&s/e been proposed to elimin-
ate this disadvantage but, on the other hand,atter Idecrease with increasing
sample size. Thus we simply state that almostaalinalistic texts in all lan-
guages have a nominal character. Perhaps, thisharacteristic feature of journ-
alistic texts, but, again, only a comparison withew text types could help us to
solve the problem. The significant chi-square vabews that either there is a
scarce specification of nouns or the specificaisomot symmetric.

It is to be remarked that predicativity may beimed in different ways, cf.
e.g. Wildgen (2002, 2005), Lobner (2003) and thierpretation of the numbers
will be changed accordingly. In logic, there iseryold and a very extensive
domain concerning predication (cf. e.g. BarwisehEmendy 2005; Mates 1997;
Salmon 1983) but our interest differs from thatagfic and we remain at a low,
easily attainable level which can be extended énftiure.

An indicator analogous to Busemann’s coefficiemild be defined as the
ratio of predicates of the first level, i.A.+ V against the sum = A+V+N. It
yields, after testing, the same results as thesghare test in (15) or (16); hence,
it can be omitted here.
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3.2. Variability

The next question concerns the variability of tarta given language. One may
expect that each noun has at least one predicatheofirst order but texts/
languages may differ from this point of view. Nebetess, journalistic texts may
have, in general, the same structure. In our vles/would mean that the vector
(A,N,V) has the same structure in all journaligggts of one language. In order
to test this hypothesis, we take the vectors of language from Table 3.1 and
obtain a contingency table, in Brazilian-Portugu24e3, in Portuguese 2@,
for other languagesxs3 = 15. The variability/uniformity can be expreddsy a
simple chi-square test with 40 DF in the first cas®d 38 DF in the second. The
critical value at thex = 0.05 level is 55.8 in the first case, and 58.4he second
one. For languages with 5 texts each, we obtaini-aquare with 8 DF with the
critical valueX? = 15.5. The chi-square test statistic has the form

nn.
3. T (nij - '1)2

(3.3) X? =ZZ—n_ nr_‘
i

i=1 j=1

n

wheren; are the individual numbers in the tabte,is the sum of the row n; is
the sum of the columj andn is the sum of all frequencies. Inserting the value
for Slovak from Table 3.1 we compudé = 11.23 which is not significant.
Hence, Slovak journalistic texts seem to have doumi vector. We do not
measure the variability in one text but rather ginéformity of the vector in all
texts of a language.

For the individual languages we obtain

Slovak 11.23
Hungarian 17.93
German 20.20
Russian 20.71
Odia 23.22
Croatian 23.94
Persian 25.90
Chinese 51.19
Turkish 71.67

As can be seen, only Slovak expresses a kind ébramity of journalistic texts.
In all the other texts there is a significant vhiiigy. Preliminarily, it cannot be
said why one obtains the given results. The “causay be hidden in style, text
type, language, theme, etc. The enormous differdretveen Croatian and
Slovak, both very similar Slavic languages, cantrbeked down step by step,
analyzing a great number of texts. It must, howdaerremarked that the chi-
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square test depends strongly on the sample sineglibe greater the numbers in
the vector, the greater values can the chi-sqestettain.

The difference of the vector structure in two sextay be expressed also
in another way. The first is the usual Euclideastadice defined here as

(3.4) Diz=[(A2—A)"+ (N2 — N)* + (Vo — V)™

where 1 and 2 are two texts. For example, the mtistdbetween text 1 and 2 in
Brazilian-Portuguese is 3 = [(41 — 32§ + (165 — 119) + (168 — 61 =
116.82. In order to make this measure comparalsle, should use rather the
relative vector elements. In the first text, thensis n = 374, hence [0.1096,
0.4412, 0.4492]; in the second, we have 212, hence [0.1509, 0.5613, 0.2877].
The distance is now

D12 e1= [(0.1096 — 0.1508)+ (0.4412 — 0.56138)+ (0.4492 — 0.2877)"
= 0.2054

Another measure is the cosine between the veet@ressed in terms of
radians according to

AR+ NN+ VY,
VA NS VA A N+ VS

(3.5 cosa,, =

In this case we obtain

coS0y » = (41*32+165*119+168*61)/{[41+165+168] " 32°+11F+619 4
= 0.6680

from which the radians are 0.8393.

Unfortunately, in both cases the computation afarees is rather tedi-
ous, hence comparison can be made by decision.rtleless, comparing all
texts with all, a weighted graph may be construdtedvhich the Euclidean
distances or the radians represent the distantesd® texts.

3.3. Triads

Predicative regularity is given if to each nounthe text there is exactly one
adjective and one verb. This is the classical seheomrresponding to topic-
comment structure. Since the order is irrelevattiere are 6 possibilities — we
seek those triads in which there is A, N, V in amgler. Consider, for example
the sequence (Croatian T 1) with n = 146:

[V.N,N,N,N,V,N,N,N,V,N,V,N,N,N,N,N,N,N,N,V,N,A,N,NV,N,N,A,V,N,V A,
N,N,N,N,V,N,N,V,N,N,N,N,N,N,A,N,V,N,V,V,V,N,N,V,N,VV,V,NV,N,V,N,
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A,N,V,N,N,N,N,V,N,V,N,N,V,V,N,V,V,N,N,V,N,V,V,N,V,N,A,N,N,V,V,N,V,
NLNGNGNGNGNGNGNG VNN NN NN NN NGNS NG NG NN NGNS NV VNV VA,
N,N,V,N,N,N,A;N,N,V,N,N,N,N]

The regularity can be tested as follows. One coaltsot-intersecting triads in
the sequence, e.g. in AVNAVN there are two regtieds, but in AVNVAV
there is only one because the second one interthectsst. If an entity is part of
a triad, it cannot be part of the next triad. Thiffers from counting e.g.
phoneme distributions taking into account all bigsa

One may define a regularity indicator in the form

-
3.6) R=——,
(3.6) n/3

whereT is the number of regular, non-intersecting triaasin is the length of
the sequence. In the above sequence there arelaragds, hence

R = 5/(146/3) = 0.10

The indicatorR is again a simple proportion which can be tredied
nomially. All tests mentioned above can be usedclmmparisons. Texts will
deviate from full regularity and the deviation da@ considered a characteristic
of text.

Table 3.2
Proportions R of regular triads in texts
Text Regular triads T n R
Slovak
Tl 20 200 0.30
T2 33 241 0.41
T3 28 255 0.33
T4 18 167 0.32
15 30 252 0.36
Hungarian
T1 19 147 0.39
T2 21 199 0.32
T3 15 206 0.22
T4 15 173 0.26
15 28 216 0.39
Croatian
P1 5 146 0.10
P2 6 121 0.15
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P3 19 180 0.32
P4 29 319 0.28
P5 14 249 0.17
Chinese
T1 34 620 0.16
T2 76 1050 0.22
T3 30 874 0.19
T4 51 949 0.16
T5 29 763 0.11
Persian
T1 74 779 0.28
T2 73 627 0.35
T3 45 583 0.23
T4 62 697 0.27
T5 105 841 0.37
German
T1 16 158 0.30
T2 24 328 0.22
T3 22 267 0.25
T4 23 227 0.30
T5 32 215 0.45
Odia
T1 22 404 0.16
T2 23 212 0.33
T3 25 284 0.26
T4 36 289 0.37
T5 32 321 0.30
Russian
T1 8 111 0.21
T2 11 143 0.23
T3 2 127 0.05
T4 22 148 0.45
T5 21 155 0.41
Turkish
T1 25 308 0.24
T2 28 490 0.17
T3 60 542 0.33
T4 31 424 0.22
T5 35 443 0.24

The regularity of journalistic texts can be chaeazed either by adding thes in
one language and dividing the sum by 3, then mitig by the sum of triads, or
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simply as the mean &®. For the languages analyzed in the above Tablerg&2
obtains (using the roundédvalues) the means

Slovak 0.34
Hungarian 0.32
German 0.30
Persian 0.30
Odia 0.28
Russian 0.27
Turkish 0.24
Croatian 0.20
Chinese 0.17

The most regular occurrence of predicative triada be observed in
Slovak, the most irregular are the Chinese textsah easily be seen that
regularity does not depend either of familiar aradusituation of the languages, it
is a property of the text type or of the style.

SinceR is a simple proportion, one can compare languagdse same
way as it has been done using méan

One can restrict this view considering only onetlod permutations of
ANV as normative, e.g. the basis of short declaeasientences. In this case, the
number of “regular” triads decreases still more anghort texts we may find no
regular triad (cf. the above example). Thus, a ntb@ough investigation is
possible only with longer texts, or consideringyonhe of the permutations of
ANV as basic.

3.4. Runsof three eements

If the text would be quite regular — here perfeghgdicative (at the first level)
—, we would obtain a regular sequence of triadg. lButext has this property.
There are always runs of different lengths whicleghe text a special character.
The smaller is the number of runs, the greatehésgrammatical or semantic
monotony. The authors may have special aims (bmtlsaous and unconscious)
which can be achieved by construction of runs. &ine observe here only three
different parts of speech, we shall obtain a retstdi image of predicativity re-
presented by runs.

Let A, N, Vbe the numbers of adjectives, nouns and verbs|edamg ry,
ry be the number of runs of these elements. For #ren@n T 1 we obtainy =
21,ry = 47, andry = 38, that is, we have= 106 runs. In order to state whether
this signals some tendency, we compute the follgwguiantities (cf. Bortz,
Lienert, Boehnke 1990):

(3.7 m=n-r
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(3.8) F,=> n(n -1)
j=1

(3.9) F3:an(nj -1)(n - 2)

(3.10) E(m) :%

(311)0’=\/(n_3)|:2+ F 2R
' ™\ n(n-1) r(n-1) n(n-1)

Hence

m- E(m)

m

(3.12) z=

Computing these values for the above mentionedaextbtain

A=22, N=88, V=46

n= 158

r=106

m = 158 — 106 = 52

F, = 22(21) + 88(87) + 46(45) = 10188

F; = 22(21)20 + 88(87)86 + 46(45)44 = 758736
E(m) = 10188/158 = 64.4810

, - [(158-3)10188 10188 _ 2(758736),
m 158(157) 158 (157) 158(157)

.3823

Inserting these numbers in (3.12) we obtain

,_52-64.4810__
5.3823

2.32

This value is significant, hence we may say thathm given text there exists a
significant tendency for setting up runs. If onéanfis a positive significant result
(z > 1.96), there are few runs; if one obtains gatige significant result
(<-1.96), there are too many runs. The interpm@tais, so to say, opposite
because we considered- r. Too many runs are signs of greater regularity tha
too few runs.

For the other texts whose sequences are knows tzewobtain the results
presented in Table 3.3.
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Table 3.3
Test for runs
Text| Vector | n |r |m| F, | F | Em | on z
Slovak
T1 | [35,126,39] | 200 | 126| 74 | 18422 | 2007904 92.11 5.7375 | -3.16*
T2 | [44,124,73] | 241 | 177| 64 | 22400 | 2234008 92.95 7.1358 | -4.06*
T3 | [41,148,66} | 255 | 165| 87 | 26680 | 3248002 | 105.87 | 6.8547 | -2.75*
T4 | [29,104,34} | 167 | 112| 55 | 12646 | 1128586 75.72 5.2853 | -3.92*
T5 | [47,150,55] | 252 | 163| 89 | 27482 | 3465304 | 109.06 | 6.7822 | -2.96*
Hungarian
T1 [27,85,35] | 147 | 106| 41 | 9032 631944 61.44 5.2505 | -3.89%
T2 | [59,111,29] | 199 | 130| 69 | 16444 | 1352932 82.63 6.9001 | -1.98*
T3 | [37,121,48] | 206 | 134| 72 | 18108 | 1831730 87.90 6.1634 | -2.58*
T4 | [41,102,29] | 173 | 119| 54 | 12754 | 1052206 73.72 4.8088 | -3.40%
T5 | [63,109,43] | 216 | 162| 54 | 17570 | 1339194 81.34 7.3271 | -3.72%
Croatian
T1 [8,94,41] 146 | 75 | 71 | 11008 | 948616 75.40 4.8986 | -0.89
T2 [8,84,29] 121 | 56 | 65 | 7840 | 593644 64.79 7.1145 | 0.05
T3 [32,95,52] | 180 | 119| 61 | 12574 | 963154 69.86 6.0457 | -1.48
T4 | [46,205,66] | 319 | 199| 120| 48180 | 8764112 | 151.03 | 7.0020 | -4.43*
T5 | [31,166,52] | 249 | 123| 125| 30972 | 4624622 | 124.39 | 5.9990 | 0.10
Chinese
T1 | [52,343,225]| 620 | 339| 281 | 170368| 51240650| 274.77 | 11.3499 | 0.55
T2 | [91,489,470]| 1050| 664 | 386 | 467252| 219375206 445.00 | 15.3164 | -3.85*
T3 | [33,405,436]| 874 | 465| 449 | 354336| 148251366 405.42 | 14.2886 | 0.25
T4 | [70,497,382]| 949 | 543 | 406 | 396884| 177328540 418.21 | 14.4096 | -0.85
T5 | [48,353,362]| 763 | 447 | 316 | 257194| 90659472| 337.08 | 13.1700 | -1.60
Persian
T1 |[150,494,135] 779 | 443| 336 | 283982| 122228934 364.55 | 11.4486 | -2.49*
T2 |[154,362,110] 627 | 400| 227 | 166234| 48340748| 265.13 | 11.4125 | -3.34*
T3 | [130,382,70]| 583 | 316| 267 | 167142| 55634660| 286.69 | 9.9499 | -1.98*
T4 |[147,435,115] 697 | 411| 286 | 223362| 83227794 320.46 | 11.1339 | -3.10*
T5 |[222,475,145] 841 | 531| 310 | 294844| 108809628 349.76 | 13.6565 | -2.91*
German
T1 [22,88,46] | 158 | 106| 52 | 10278 | 749544 65.05 5.5446 | -2.32*
T2 | [30,184,114]| 328 | 213| 115| 47424 | 7571148 | 11459 | 8.1518 | -3.63*
T3 | [38,163,66] | 267 | 159| 108 | 32102 | 4526002 | 120.23 | 6,7985 | -1.80
T4 | [37,135,55] | 227 | 149| 87 | 22392 | 2563454 98.64 6.3945 | -1.82
T5 | [42,112,61] | 215 | 152| 63 | 17814 | 1583544 82.85 6.73 | -2.95*
Odia
T1 | [49,270,55]| 374|186| 188| 77952 | 19622348| 208.43 | 6.5159 | -3.14*
T2 | [37,132,43]| 212[131| 81 | 20430 | 2322080 96.37 5.9704 | -2.57*
T3 | [46,179,59]| 284| 178|106 | 37354 | 5834720 | 131.53 | 6.8217 | -3.74*
T4 | [68,165,56] | 289| 201| 88 | 34696 | 4577236 | 120.06 | 7.6994 | -4.16*
T5 | [59,192,70]| 321| 194|127 | 44924 | 7296238 | 139.95 | 7.6303 | -1.70
Russian
T1 | [15,72,24] | 111] 68 | 43 | 5874 | 370014 | 52.9189 | 4.0996 | -2.42*
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T2 | [18,100,25]| 143 80 | 63 | 10806 | 984036 75.5664 | 4.2184 | -2.98*
T3 [9,99,19] 127| 53 | 72 | 10116 | 946936 79.6535 | 3.2238 | -1.44
T4 | [21,101,26]| 148 60 | 88 | 11170 | 1015542 | 75.4729 | 4.4540 | -1.68
T5 [37.89,39] 155| 111 | 44 | 9976 703383 64.3613 | 5.6116 | -3.63*
Turkish
T1 | [62,188,58]| 308|192 | 116| 42244 | 6724276 | 137.1558| 7.4371 | -2.84*
T2 | [84,322,84] | 490| 299|191| 117306| 33647712| 239.4000| 8.6470 | -5.60*
T3 |[188,281,73]| 542 | 381| 161 | 119092| 22325272 | 219.7269| 12.4852 | -4.70*
T4 |[125,254,45] 424 | 274| 150| 81742 | 16279414 | 192.7877| 9.9099 | -4.32*
T5 |[159,232,52]| 443 | 299| 144| 81366 | 12459078 | 183.6704| 11.4849 | -3.45*

Slovak, Hungarian and Persian have significantyrt@ny runs; in the other lan-
guages the situation is rather mixed. Croatian &fMmihese have only one
significant result each, German and Russian hakeethPositivez-values are
extremely rare. The cause of this phenomenon isounid. It may be evoked by
boundary conditions, by text type, by the situaiimthe given language, etc.
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4. Distances

In previous chapters (see sections 2.4 and 3.6)ave made use of the concept
of runs in order to detect possible regularitieshef sequential text organization.
We tested whether the runs (their number or lengtturring in a text under
study are comparable with the runs that would bgeoked in a random se-
quence.

Another approach is to study the distances betwdssttical elements of a
text and test whether the observed numbers ofrdisgacoincide basically with
the distance structure of a random sequence berketare significant deviations
from the random case. It turns out that the thedrgistances, some results of
which are briefly outlined as follows, can be retgt as a generalization of the
theory of runs. The complete theory of distancasrémdomly constructed se-
guences can be found in Zornig (1984, 1987, 20RMbabilistic models to de-
scribe the distance frequencies in some linguiagplications have been pre-
sented in Zornig (2013a, b).

Let ky,...,k be natural numbers such thatx...= k, and k +...+ k, =n.
The set of sequences of lengthconsisting of elements from the set {1p}.,
such that the element occurs exactlyk, times ¢ = 1,...p) is denoted by
IF(ky,..., k). For example, IF(5,3,2) is the set of all seq@sncontaining 5 times
the element 1, 3 times the element 2 and 2 timesetement 3, i.e. this set
consists of all possible permutations (rearrangesherof the sequence
1,1,1,1,1,2,2,2,3,3), e.g. (1,2,3,1,2,3,1,1,11A1¢,1,3,3,2,1,2,1,1). The number
of these permutations (with repetitions) is giverthee multinomial coefficient

10 10
532)" sram - 2520

Any sequence of IF(k..,.k) can be interpreted as an abstract text, where the
elements 1,..p may represent word forms, lemmas, letters or dvdrunits. A
random text in the sense of the present chapter iandom selection from
IF(Ky,...,ky). Consider now a sequenkEe= (&,...,a) LI IF(ky,...,kp) . For integers

M and v with 1< f/<v <n, thedistance between the element, and a, is

defined as cf/,V) =V - li-1. The distance between two elements of a sequsnce

thus the number of elements between them, e.glistence betweeryand g of

the sequence {aa, &, &, &, 3, &, &) IS 4, since there are the four elemenis a
3, &, & between aand @ This concept of distance depends only on the
positions of the elements in the sequence and mahair values. Alternatively
we could have defined the distance as the numbestepf required for moving
from one element to the other. In this case th&adc® between the elements a
and @ in the last example would be 5. However we wilitret ourselves to the
definition above, already introduced in Z6rnig (498
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The number of occurrences of the distanbetween two elements of the
r-th kind in the sequenck is denoted byd(” (F). Formally, d" (F) is the
number of position pairs{{,V) such thata,= a,=r and cy,v) =i (1< u<v

<n, r =1,.p, i = 0,..,n-2).. Similarly, letc!"’(F)denote the number of
occurrences of the distandebetweenconsecutive elements of the™ kind.
Formally this quantity counts the number of positairs (/,V) such thata =

a,=r, a,#r for all p with y<p<v and c,v) = i. Finally, d(F) =

p p
> d"(F)and ¢F) = Y.c!"(F)are called thetotal and the consecutive
r=1 r=1

frequency of the distance .

Example: Consider again the sequence
F=(AAAAVVAAAVVAAAVVVVAVAVV AA),

By identifying the elemeri¥ with 1 andA with 2 we get k=11, k=14, p=2,n

= 25. Calculating the distances, we get, for examgl= 12, since the distance 5
occurs between the elements of the 12 positiors gai7), (2,8), (3,9), (5,11),
(7,13), (8,14), (10,16), (11,17), (13,19), (16,22)7,23), (19,25) of the sequence
e. g. the distance between the identical elemgmtsfaand a= A is 5. None of
these pairs corresponds to a distance betweedmgecutive identical elements.
For example, between the elemenisaad a are located three otheéX's at
positions 2, 3 and 4; thug s 0. Similarly we get ¢I= 9, where the distance 3
occurs between the elements of the pairs (3,78),(46,10), (8,12), (9,13),
(11,15), (16,20), (18,22), (21, 25). Only the pdlBslO) and (11,15) represent
consecutive distances. A look at the above exaoifpdesequence shows thata
0=V and there is no oth&f between g@and a,; in addition, g, = 5=V and
there is no othe¥ between the elementg,and as. The complete list of distance
frequencies is given in Table 4.1.

Table 4.1
Distance structure

O /123|456 7 8§ 9 1011|12 | 13| 14/15
14 12/]9 |5/5]8/ 9] 105 |2 |3 |4
¢G |14/3 3|21, 0] 0 0 0O 0 OO0 0] 0 O 0

9_—-
©
~
©
o

o
o
([@}F N
-
N
N
N
N
=
=
&
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One can easily verify that in general it holdsa,, and the relations

(4.1) Z —(wherem ZK )anch-n p

i=0

are satisfied. Moreover, the number of runs canekpressed in terms of
O-distances, i.e. this number is given by gi—bh this sense the theory of
distances generalizes the theory of runs. In tleengke it holds n—gl= 25-14 =
11,which is the number of runs of the sequence.

We now cite two statements (Theorems 2.1 andr226rnig 2010) re-
lated to the distance structure in random texts.a8&ime that the construction
of a random text is a selection of a sequence ftbe set of sequences
IF(ky,...,ky). The distance frequenciesahd ¢ are therefore random variables.

Theorem 4.1: Let the sequence F be randomly chosen fromyJFE(k;). For any
iL1{0,1,...,n—2} the expectation and variance of thegtrency ¢lare given by

(m-n)(n-1-1) D

— _ 2
(a) E(d) - n(n _1) ’ (m _rZ:;-kr )1
—1—j - — A2 _
(b) V(ch = n-1-i (n-3)B-A"-2C

A + 2(n-2-2i) +

2 2
+ (n-i-l)(n-i-Z)ﬂ - ((n—i -1 A ) :
N n(n-1)

P P
where Ak (k, —1), B=)>k, (k. —D(k. —2),
r=1 r=1

P
C=> Kk (k, =1)(3—2k,); ng = n(n-1)...(n-i+1) denotes the

r=1
decreasing factorial andi¥ the positive part of the term T, i.e.
T=TifT =20and T=0if T<O0.

The theorem states that B(dnd V(d) is a linear or a quadratic function of i,
respectively. The quadratic term in the variancé)$ usually very small.

We illustrate the calculations for the above exiywwhere we obtain

n =25, m= 14+ 1= 317, hence E(ji= %(244). Moreover,
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A =14113+1110 = 292,
B =1413112+111019 = 3174,
C = 1413((-25) + 11101(-19) = -6640.

Setting e.g. i = 3 yields

vidy = 2L popanigy 223174 202 - 2[{-664Q
25024 25242322
2
12120 292 +20-6640 (21&) ~ 5113
25242322 25024

Theorem 4.2: Let the sequence F be randomly chosen fromyJFE(k;). For any
i L{0,1,...,n-2} the expectation of the consecutive freqcy ¢is given by

1

Sk, (k ~D(n-k ).

NGy r=1

E@© =

There also exists a complicated formula for theavere ofc; (see Zornig 1987,
p.15) which will not be introduced here.
lllustrating the calculations again for the abexample, we obtain

E@© = [14113111; + 11110114;).
(i+1)
nl
Since ) = ( _)Ifori < nand g, = 0 fori>n, we get
n-=1i)!
—i)! |
=4 gy 11 for i<11.

| ——— + 110 —
@1-i @aa-n!
|
For example, E¢ = E[182LE + 110 %] =0.1232.
29 3 8

For a large text length n and small values @fe can express Ejcn
Theorem 4.2 approximately as

(4.2) EQ = f f(k —D@-f,) fori=0,1,..,n-2
r=1

wheref, = k/n are the relative frequencies. The probability fiowes of the
random variables;dnd ¢ are not known and due to the complexity one cannot
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expect to find them. But by means of simulation et (Zornig 2010) it has
been shown that they can be considered approxiynabeimally distributed.

We have calculated all values of B(av(d) and E(¢ for the above
example. The results are summarized in Table 4h2revobserved and expected
distance frequencies are compared.

Table 4.2
Observed and expected distances

I | d; observed E(d) | V(d)) | ¢ observed E(c)
0 14 11.68 5.811 14 11.68
1 9 11.19 5.578 3 5.903
2 7 10.71 5.345 3 2.901
3 9 10.22 5.113 2 1.385
4 15 9.733 4.881 1 0.6406
5 12 9.247 4.650 0 0.2864
6 9 8.760 4.419 0 0.1232
7 5 8.273 4.189 0 0.0506
8 5 7.787| 3.959 0 0.0196
9 8 7.300 3.730 0 0.007(
10 9 6.813| 3.502 0 0.0023
11 10 6.327| 3.274 0 0.0006
12 5 5.840| 3.032 0 0.0001
13 2 5.353| 2.776 0 0
14 3 4.867| 2.521 0 0
15 4 4.380| 2.267 0 0
16 6 3.893| 2.013 0 0
17 4 3.407| 1.760 0 0
18 1 2.920| 1.507 0 0
19 2 2.433|1.254 0 0
20 2 1.947| 1.002 0 0
21 2 1.460| 0.751 0 0
22 2 0.973| 0.500 0 0
23 1 0.487| 0.250 0 0

The data in Table 4.2 are visualized in Figuresahd 4.2 in order to compare
the observed values of the distance frequencidsthét expected ones.

The solid line illustrates the observed values #redstraight line in the
middle represents the expected values)E{dhe outer curves, given by B dt

1.960, where 0=,/V(d,) is the standard deviation, represent the limits of
“confidence band” for the level of significana® = 5%. This means that the
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value d lies outside of these limits with probability 0.0&nder the normality
assumption and for a fixed index i). A visual insfpen of Fig. 4.1 shows that the
largest deviations from the expectation occur fgrdd;, and ds which are the
only observations outside of the confidence banae ©ould interpret this as a
first indication for the fact that the distanceantl 11 between verbs or adjectives
are preferred while the distance 13 is suppres®é&dourse, these argument-
ations have only preliminary illustrative charactBine considered small example
allows in no way definite conclusions.

20 ——d, observed
- - —E(d)
----- E(d) + 1.96V(d)*®

15— —-—- E(d) - 1.96V(d)"*

10 -

complete distances

Figure 4.1. Observed and expected values for thgplkie distanced
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16

c, observed
- --E(c)

12 1

consecutive distances
o]
1

i

0 2 4 6 8
I

Figure 4.2. Observed and expected values for thesmutive distances ¢

Similar to the previous figure the solid line ingFé4.2 represents the observed
values ¢and the dashed line the expected frequencies.obkervations for £
and g deviate slightly from the expectations, but thereot enough evidence for
drawing conclusions. In order to determine whetaateviation is significant,
simulation seems to be the best approach, sindetimellas for the variances are
complicated.

To avoid any possible misunderstandings, we pauttthat in the above
considerations we considered a frequenay @ for an arbitrary busingle index
I. If we consider various values of these freques@imultaneously (e.gs,dds
and d;) we must be aware that there are complegendencies between them in
addition to the relations (4.1). Consider e.g. f® of sequences IF(2, 2) =
{1,1,2,2), (1,2,1,2), (1,2,2,1), (2,1,1,2), (2,1 (2,2,1,1)}. The occurrence of
the distance 2 implies that the sequence is (1R@; (2,1,1,2), where the
distance 0 occurs. Hence; d 0 implies d > 0. Studying multiple distances
simultaneously there is no joint probability masadtion for the random vectors
(do,dy,...,d,») or (G,Cy,...,Ch0) known and there is no hope to find an analytic
representation for it. Possible measures for theatlen between observed and
expected distances could be, for example, thequmue statistic

2_w (di B E(di))2
YR R
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n
or the sum of squared deviations (d; — E(d,))? (analogous expressions can
i=0
be defined for the consecutive distances). Othexrsores for the goodness-of-fit
can be found in Mautek, Wimmer (2013, p.284). Due to the dependeree b
tween the random variables or G the exact distributions of the mentioned
statistics are not known and the only way to ob&dact probabilities seems to
be simulation. However, in the following studies w@ore the dependence in
order to obtain a practicable way and use the ghae statistic as in the case of
independent observations.

In what follows we analyze the distances in the séfuences of the
appendix, where the elememisN andV represent adjectives, nouns and verbs
observed in the texts of several languages. Weigesurselves to consecutive
distances between identical elements. The resudtpr@sented in Table 4.3. For
each i = 0,1,...,10 we determine the observed fregjaern; and the expected
frequency according to the random model in Theoden In fact we have used
the simpler approximate formula (4.2) whose valdiéfer only slightly from the
exact ones. In fact we have r = 3, since the censtisequences contain only the
three different elements, N andV, and k, k, and k denote the frequencies of
these elements. Herg determine the theoretic frequencies completedy,there
are no model parameters that must be “adjustedhéoobserved data. As a
measure for the goodness-of-fit, we applied thevabmentioned chi-square
statistic. For most of the 45 sequences all theovatues E(Q were larger than 1
fori=0,1,...,10. In these cases we consider 18sels distance = 0,...,distance
= 10, distance > 10. The statistic is then

L(c —E(c))’
23 E(c)

where g; has beerrenamed as the number of distances larger than 10, i.e.

= >, E(c;y) = D_E(c;). The number of degrees of freedom is then DF=11
i>10 i>10
(number of classes minus 1). In the few cases iew(G) < 1 occurred for an |
close to 10 we pooled the classes of distanceerdg@n 10 with the classes
satisfying E(9 < 1 (see e.g. the sequence Croatian T 1 in padf(Table 4.3).
For each text Table 4.3 presents the valyesnd E(¢ in the upper part, the
lower part contains the number of adjectives, ncams verbs in the sequence,
denoted byA, N andV, the sequence length n/A+N+V, the number DF of

degrees of freedom, the observgd-value and® = P( y2> obs.) which denotes

the probability to exceed the observgd.

The fit of the observed values by means of the idensd model can be
considered as good i > 0.05 (see e.g. Zornig 2013a, p.120). Accordmihts
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criterion, 25 of the 45 sequences in Table 4.3bmawell fitted by the considered
random model.

Table 4.3

Observed consecutive distances compared with eatjp@ts
under the random hypothesis

Slovak 1 Slovak 2 Slovak 3 Slovak 4 Slovak 5
I |6 |E(@) | [E(c) ¢ |E(@) | |E(@ |[¢ |E()
0 74 92.1 64 92.9 87 105.0 55 75.7 88 107.9
1 52 40.0 70 52.3 70 52.9 50 33.6 54 51\7
2 19 19.6 46 30.8 33 28.6 21 16.7 39 27,2
3 11 11.2 19 18.9 17 16.9 7 9.6 7 16,0
4 13 7.3 13 12.2 10 10.9 3 6.3 14 105
5 7 5.3 6 8.2 13 7.5 4 4.5 12 7.5
6 5 4.1 5 5.7 5 5.5 3 3.4 G 5.5
7 4 3.2 7 4.1 3 4.1 7 2.7 5 4.4
8 3 2.6 1 3.0 2 3.2 4 2.2 1 3.3
9 3 2.1 2 2.2 1 2.5 2 1.7 3 2.6
10 3 1.8 1 1.7 2 2.0 0 14 4 2.1
>10| 3 7.6 4 6.1 6 9.1 3 6.1 3 9 .4
A=35 A=44 A=41 A=29 A=47
N =126 N =124 N = 145 N =104 N =149
V=39 V=73 V =65 V=34 V =54
n =200 n=241 n =251 n =167 n =250
DF =11 DF =11 DF =11 DF =11 DF =11
x?=16.5959 x%=27.6829 x?=16.3439 x*=27.4702| x’=26.4174
P =0.1204 P =0.0036 P =0.1288 P =0.0039 P =0.0056
Hungarian1l | Hungarian2 | Hungarian 3 | Hungarian4 | Hungarian 5
I | G E(c) Ci E(c) G | E(@ | ¢ E(c) Ci E(c)
0 41 61.4 69 82.6 72 87.9 55 75.6 54 81.
1 48 30.6 53 42.7 64 42.8 58 36.1 63 46
2 17 16.5 24 23.5 24 22.8 21 19.0 30 28
3 10 9.8 15 13.8 11 13.5% 10 11.1 24 17
4 11 6.4 12 8.7 3 8.8 5 7.2 10 11
5 8 4.5 6 59 7 6.2 12 51 7 77
6 2 3.3 6 4.1 8 4.5 3 3.8 4 5.3
7 3 2.5 2 3.0 3 3.5 5 2.9 6 3.8
8 0 1.9 2 2.3 4 2.7 3 2.3 1 2.8
9 0 15 3 1.8 1 2.1 1 1.8 1 2.(
10 1 1.2 2 14 1 1.7 0 14 1 1.5
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>10| 3 | 45 2 | 6.2 5| 6.6 4 | 5.8 3] 54
A=27 A =59 A =37 A=41 A =63
N =85 N =111 N =121 N =104 N = 109
V=35 V =29 V =48 V=30 V =44
n = 147 n =199 n =206 n=175 n=216
DF = 11 DF = 11 DF=11 DF = 11 DF = 11
X?=27.4617 | x?=11.2846 | x?=22.3857| x°=28.1572 | y*=25.9977
P =0.0039 | P =0.4197 P=0.0215 |P=0.0031 [P =0.0065
Croatian 1 Croatian 2 Croatian 3 Croatian 4 Croatian 5
[ C E(c) C E(c) C E(c) C E(c) C E(c)
0| 71 75.4 | 65| 648 | 6 699 | 12| 1536 | 125 124.4
1 4
1 | 37 298 | 24/ 232 | 4 384 | 86| 632 45| 484
5
2 | 11 13.3 6 9.7 2 222 | 33| 300 25| 21.8
9
3] 8 6.9 5 5.0 9 136 | 20 166 12 119
4 | 4 4.1 4 3.1 7 8.8 9 10.8 8 7.7
5 | 2 2.7 3 2.2 R 5.9 10 7.9 9 5.7
6 | 2 1.9 4 1.7 5 4.2 8 6.1 3 4.4
710 1.4 1 1.3 g 3.0 4 4.9 2 3.6
8 | 3 1.1 1 1.0 3 2.2 7 4.9 1 2.9
9] 0 0.8 1 0.8 2 1.7 4 3.3 6 2.4
10| 0 0.6 2 0.7 d 1.3 3 2.7 2 2.0
>10| 5 4.8 2 4.7 4 5.8 8 13.2 8] 10Js
A=8 A=8 A=32 A =46 A=31
N =97 N = 84 N =95 N = 207 N=166
V=41 V=29 V=52 V =66 V =52
n =146 n=121 n=179 n =319 n =249
DF=9 DF=9 DF = 11 DF=11 DF = 11
x2=7.9608 | x?=5.6199 X2= x?=21.1322 | ¥*=11.1298
P =0.5381 P=0.7773 11.5067 P=0.0320 | P =0.4325
P =0.4018
Chinese 1 Chinese 2 Chinese 3 Chinese 4 Chinese 5
i |G E(@) |c E(c) | |E(@ | E(c) |c E(c)
0 | 281 | 274.8| 386| 445.0 409 405/4 406 4182 315 337.6
1 [14c| 1402 | 293] 2445 211 210/4 225 2201 218 180.5
2 | 78 | 744 | 149| 1254 111 1100 136 1180 94 97.1
3 37 ] 412 76| 76.0| 55 573 71 648 53 52/6
4 | 27 | 239 ] 49| 435] 28] 302 29 367 26 290
5 | 10 | 147 [ 20| 256 17 162 17 215 10 16|3
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6 | 6 | 95 | 16| 158] 6] 89| 14 134 10 95
7| 4 | 65 | 8 | 103| 8| 50| 3| 86| 9 509
8 | 4 | 46 | 7 | 71| 2| 30| 7| 59| 2 309
9 | 8 | 35 | 3| 53| 3| 20| 5| 44 3 28
10| 3 | 27 | 4| 41| 3| 14| 3| 34 o0 21
>10| 19 | 211 | 36| 34.4| 18 214 30 312 4 6.1
A=52 A=091 A=33 A =70 A=48
N =343 N = 489 N = 405 N = 497 N = 354
V=225 V =470 V=436 | V=382 V = 362
n =620 n = 1050 n=3874 n =949 n=764
DF =11 DF =11 DF=11 |DF=11 DF =11
X¥?=10.9885) y%=22.2895 x?=6.2913| y%=10.3927| x?=17.1861
P=0.4442 |P=0.0222 |P=0.8532 |P=0.4954 |P =0.1025
Persian 1 Persian 2 Persian 3 Persian 4 Persian 5
i ¢ | E@ | ¢ | E(@) | ¢ | E(@ | & | E(@ | & | E()
0 | 336| 3645 229 2662 267 2880 286 3205 B10 .8349
1 | 177| 156.7] 152 132.6 131 1161 175 141.8 (87 .81J9
2 | 80| 764 91| 718 55 53.6 73 700 137 884
3 | 42| 435 40| 427 34 295 30 405 52 595
4 | 38| 286| 31| 277 16 190 28 26)5 43 384
5 | 19| 209 23] 193] 19 13.8 28 19]1 28 265
6 | 15| 16.1| 17| 142 9| 106 18 14p 23 191
7 | 12| 128 11| 10.7] 12 85 14 115 12 142
8 | 13| 104| 9| 83| 100 6.8 6 92 16 108
9 | 14| 84| 4| 64| 5| 56| 3 74 1p 84
10| 8| 69| 3| 51| 4| 46| 5/ 60 3 64
>10| 22 | 30.7 | 15| 19.9] 19 249 29 265 17 256
A = 150 A= 154 A=131 A= 147 A =222
N = 494 N = 363 N =383 N =435 N = 474
V=135 V=111 V=70 V=115 V =145
n=779 n =628 n =584 n =697 n=_3841
DF =11 DF =11 DF =11 DF =11 DF =11
x?=15.4759 x*=18.0268 y?=11.3612) y*=18.3572| x?=29.3477
P=0.1617 |P=0.0810 |P=0.4135 |P=0.0737 |P =0.0020
German 1 German 2 German 3 German 4 German 5
i G | E(¢) | ¢ | E(c) | ¢ | E() | ¢ | E(c) | ¢ | E(@)
0 | 52| 65.1 | 115 144.6 108 1202 87 986 b3 829
1 | 49| 337 1020 731] 63 551 53 47]1 48 463
2 | 20| 186 | 44| 387 30 280 29 247 41 272
3 | 11| 110 | 19| 21.6] 22 160 12 144 20 168
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4 [ 6 70 [ 13] 127] 9] 103 11 93 Jo 10p
5 | 3| 47 | 11| 80| 7| 72| § 65 1 7.4
6 | 3| 33 4| 53| 8| 54| 7 48 d 5.2
7 | 2| 24 2| 37| o] 41| 5 37 4 37
8 | 3| 18 3| 26| 6| 33| 2 29 2 2.7
9 | 0| 14 2| 20| 2| 26| 3 23 1 2.1
10 2| 11 0| 16| 2| 21| 3 18 1 1.6

>10] 4 | 48 | 10| 111] 7| 97| 4 76 1 5.3

A=24 A=30 A =38 A =37 A =42
N = 88 N = 184 N =163 N =135 N =112
V =46 V=114 V =66 V=55 V=61
n =158 n =328 n =267 n =227 n=215
DF =11 DF = 11 DF = 11 DF = 11 DF =11
X?=13.5141 y*=22.4829 x?=13.5491 y*=8.2941| y°= 25.4803
P=0.2611 |P=0.0209 |P=0.2590 |P=0.6867 | P =0.0077
Odial Odia 2 Odia 3 Odia4 Odia5
i ¢ | E(c) | & | E() | ¢ | E() | & | E(@) | ¢ | E()
0 | 188| 208.4| 81 96.4| 196 1315 48 1201 {27 1400
1 | 83| 66.2| 41| 428 86 571 73 608 72 664
2 | 27| 255 37| 213 31 281 50 334 42 348
3 | 11| 132 14| 122] 13 160 27 200 21 20.4
4 [ 12| 90 | 12| 80| 12 104 14 131 15 133
5| 4] 70| 5| 58 5] 75| 7 91| 10 95
6 | 9 | 59 | 4| 44 3| 58] 8 67 17 71
7 |10 50| 1] 35 7] 46| 2 50 5 55
8| 3| 43| 5| 28 2| 37| 4 39| § 43
9 | 4| 37| 3| 22 4] 30| 3 30 J 34
10 5| 32| 1] 18 3| 24 2 23] 3 27
>10| 15 | 196 | 6| 7.8 o| 109 6 87 9 108
A =49 A =37 A= 46 A =68 A =59
N =270 N =132 N =179 N = 165 N =192
V=55 V=43 V =59 V =56 V=70
n=374 n=212 n =284 n =289 n=321
DF =11 DF=11 DF = 11 DF = 11 DF =11
x?=18.3411 xy*=20.8172| x?=25.7095 y*=26.0741| x°=4.5151
P=0.0740 |P=0.0353 |P=0.0072 |P=0.0063 |P=0.9524
Russian 1 Russian 2 Russan 3 | Russan4 Russian 5
i | | E(@ | ¢ | E@ | a | E(@ | ¢ | E€ | ¢ | E()
0 | 43| 529 | 63| 756| 75 791 68 754 44 644
1 | 32| 217 35 262 24 197 3 277 44 323
2 | 13| 102 | 10/ 108] 5 62 d 120 19 17
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3] 5] 56 | 6] 57| 4] 29] 6] 64] 1B 105
4 | 5| 36 | 5| 38| 2| 20| 10 43| 1 6.8
5 3| 26 | 4| 29| 2| 16| 6 32/ 9 48
6 | 1| 20 | 3| 23| 2| 14| 3 26/ 4 35
7 | 0| 16 | 4| 19| 2| 12| 3 21 1 26
8 | 1| 13 | 1| 16| 2| 11| 2 18 1 20
9 | 0| 11 | 1| 14| 1| 09| 4 15 2 1.6
10 1| 09 | 1| 12| o o8] 1 13 1.2
>10] 4 | 44 | 5| 68| 5| 66| 5 67| 3 47
A=15 A=18 A=9 A=21 A=37
N =72 N =100 N =99 N =101 N = 89
V=24 V=25 V=19 V=26 V=29
n=111 n =143 N =127 n =148 n =155
DF = 10 DF =11 DF=9 DF =11 DF =11
X?=10.6932) x¥%=10.1136| x?=4.2066| y*=19.0247| x°=23.4373
P=0.3819 |P=05202 |P=0.8973 | P=0.0607 |P =0.0153
Turkish 1 Turkish 2 Turkish 3 Turkish 4 Turkish 5
i G | E(@ | ¢ | E(c) | ¢ | E(c) | ¢ | E(@) | ¢ | E(c)
0 | 116| 137.2] 191 239.4 161 219|7 150 192.8 144 183.7
1 | 87 | 630| 153 9509 154 120]7 130 907 146 99.3
2 | 32| 322| 41| 443] 100 686 55 46]3 57 55.4
3 | 23| 187 | 19| 247 39 406 17 259 37 321
4 | 13| 123| 15| 16.3] 21 250 12 159 11 194
5| 7 | 88 | 12| 121| 18 162 11 106 5  12|3
6 | 3| 67 | 12| 96| 9| 109 9 75 10 82
7 | 4 | 52| 7| 77| 8| 77| 5| 56| 5§ 57
8 | 3| 41| 6| 64| 7| 56| 8 42 4 41
9 | 5| 33| 10| 53| 1| 42| 7] 33 3 31
10 2| 26| 6| 43| 8| 33| 3 26 1 25
>10| 10 | 10.9 | 15| 21.0] 13| 165 14 155 17 14.2
A=62 A=84 A=188 A=125 A =159
N =188 N =322 N =281 N = 254 N =232
V =58 V=84 V=73 V =45 V=52
n = 308 n = 490 n =542 n=424 n =443
DF = 11 DF =11 DF =11 DF =11 DF = 11
X?=17.4930| x¥*=52.7990 y*=50.8252 x?=40.1653 y°’=41.2974
P=0.0941 |P=19510" |P=4.4510" | P=0.3410" | P=0.2110"

The better is the fit of the model, the largerhis value P = P,(/2> obs.). Some

texts are fitted perfectly (e.g. Croatian 2, Che&sand Odia 5), but other ones
differ clearly from this model (e.g. Turkish 2-%)would be interesting to study
the linguistic characteristics responsible for agnent or disagreement with the
random model.
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Moreover, one can observe that in most cages E(g) and ¢ > E(c)
hold, i.e. the distance 0 occurs more rarely thadipted by the random model,
while the distance 1 occurs more frequently thadioted. In a first hypothesis,
one could guess that, in principle, short distarimsgsveen equal word types are
preferred but grammatical rules semantic reasons prohibit a more frequent use
of the distance zero, since generally some parspeech may not directly follow
each other.

Since the fitting must be, in many cases, rejeciedsuppose the presence
of some boundary conditions which must be studadeivery language separ-
ately. Of course, the number of data should beiderably increased. Hence, we
choose a rather inductive approach and conjechaeftom the psychological
point of view, according to a hypothesis of B.FirBler (1939, 1941, 1959), the
probability of the repeated occurrence of an enfitthe vicinity of its previous
appearance increases, but with time (here distandext) the stimulus fades
away. Hence, small distances between identicatientare more frequent than
the great ones. The hypothesis holds for any tyjpentity. With regard to
phonetic similarity of verses it was tested in tild Malay epic poetry (cf.
Altmann 1968; Altmann, Koéhler 2015: 160 f.) wheratachastic regularity has
been found. In poetry the hypothesis can be verifietwo ways: concerning
individual verses and concerning individual straph®f course, the hypothesis
of decreasing similarity with increasing distane@a de tested with any kind of
entities or structures. Skinner conjectured thagraity — mostly a phonetic one —
activates the respective part of the brain andstimeulus diminishes slowly with
time. However, if the text is not long enough, ewapposite tendencies may
appear. Thus, one should begin inductively. Thedors the compared entity,
the longer must be the texts in order to elimirataon-smooth course of the
similarity curve.

Considering the distances from this point of vieve conjecture that the
relative rate of change of frequengyn distancex between identical entities is
simply negatively proportional, i.e.

(4.3) ¥ —de
y b

yielding the simple solution
(4.4) y = a exp(-x/b).

Fitting this function to the above data we obtdie tesults presented in Table
4.4,
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Table 4.4
Fitting the exponential function to the distancéada
Slovak 1 | Slovak 2 | Slovak 3 | Slovak 4 | Slovak 5
I | ¢ | Theor | ¢ | Theor | ¢ | Theor | ¢ | Theor | ¢ | Theor
0|74 75.53 | 64 75.46 | 87| 91.78 | 55 59.74 | 88 91.13
1|52| 44.68| 700 52.68 | 70| 57.62 | 50 37.52 | 64 56.56
2119| 26.44 | 46 36.78 | 33 36.18| 21 23.56| 39 35.1
3111| 15.64 | 19 25.67 | 17| 22.71| 7| 14.79] 7 21.78
4 (13| 9.25 | 13| 17.92| 10 14.26| 8| 9.29| 14 13.52
517 5.47 6 12.51] 18 8.95 4| 5.83( 12 8.39
6|5| 324 | 5| 874 5§ 562 B 366 |[6 521
714| 192 | 7 6.1 3 353 7 2.3 5 3.2
8|13 113 | 1| 426| 22 221 4 144 |[1 2
913 067 | 2 297 1 139 2 091 (3 1.24
10( 3 0.4 1| 2.07( 2 0.87 4 | 0.77
a = 75.5256a = 75.4573a = 91.7816¢a = 59.7400a = 91.1317
b=1.9052|b=2.7827|b=2.1481|b =2.1493|b = 2.0961
R°=0.97 |[R°=0.89 [R?°=0.97 |R°=0.91 |R?*=0.96
Hung. 1 Hung. 2 Hung. 3 Hung. 4 Hung. 5
[ ¢ | Theor | ¢ | Theor | ¢ | Theor | ¢ | Theor | ¢ | Theor
0| 41| 47.67| 69 71.61|72| 78.11 |54 | 58.86 | 54 | 65.28
1]48| 3238 53 4511 64 4744 51 38/12 (63 46.49
2|17 22000 24 28.41 24 2881 21 24,69 |39 33.11
3|10 1495 15 1789 11 17.50 10 1599 |24 2359
4 | 11| 10.15| 12 11.27 3 10.63 b 10.836 |10 16.80
5| 8 6.90| 6 7.10| 7 6.45 126.71 | 7 11.96
6| 2 469 | 6 447 8 3.92 3 434 |4 8.52
71 3 3.18 | 2 2.82| 3 2.38 4 2.81 |6 6.07
8|0 216 | 2 1.77| 4 1.45 4 1.82 |1 4.32
9|10 1.47 | 3 1.12| 1 0.88 2 1.18 |1 3.08
10| 1 1.00 | 2 0.70| 1 053 @ 0.76 |1 2.19
a=47.6707a=71.6149 a=78.1107 a = 58.8587 a = 65.2779
b=25864| b=2.1633| b=2.0053| b=2.3021| b =2.9469
R°=0.86 | R°=0.98 | R°=0.92| R*=0.91 | R®*=0.88
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N O N O1

Croatian 1 | Croatian 2 | Croatian 3 | Croatian 4 | Croatian 5
i | ¢ | Theor | ¢ | Theor | ¢ | Theor | ¢ | Theor | ¢ | Theor
0| 71| 71.69| 683 64.91 | 61| 63.41 | 124 127.74| 125| 123.12
1| 37| 33.57| 24 23.74| 45| 40.14| 86| 73.01] 43 51.87
2 | 11| 15.72| 6| 868 202540 | 33| 41.72] 25 21.85
3|/ 8| 73 | 5| 317| 9 1608 2p 2385 12 9.20
4| 4| 345| 4| 116| 7 1018 9 1363 B 3.88
5(2| 161 | 3| 042 6 644 10 7.79 0 1.63
6| 2| 076 | 4| 0.16| 5§ 4.08 8 4.4% 3 0.69
71 0| 035| 1| 0.06| 6 258 4 2.54 > 0.29
8| 3| 017 | 1| 0.02| 3 1.63 7 1.4% 1 0.12
9| 0| 008]| 1| 0.01| 2 103 4 0.83 5 0.05
10| 0 | 0.04 | 2| 0.00| O 065 3 047 2 0.02
a=71,6894 a=64.9054 a = 63.4132 a = 127.7444 a = 123.1244
b=1.3181| b=0.9941| b=2.1863| b=1.7874| b=1.1567
R=099 | R°=0.99 | R*=0.97 | R?®=0.97 R?=0.98
Chinese 1 Chinese 2 Chinese 3 Chinese 4 Chinese 5
[ ¢ | Theor | ¢ | Theor | ¢ | Theor | ¢ | Theor | ¢ | Theor
0 | 281 279.19| 386 | 405.69| 409 | 408.90| 406 | 406.74| 315 | 326.54
1 | 140| 145.17| 293 | 248.17| 211 | 211.54| 225 | 226.87| 218 | 186.00
2 | 78 | 75.48 | 149 151.81| 111| 109.43| 136| 126.54| 94 | 105.94
3|37 | 3925| 76| 92.86) 53 56.61 71 70.58 53 60
4| 27 | 20.41| 49| 56.81 28 2929 29 39.37 P26 34
5| 10| 10.61| 20| 34.75/ 17 15.15 17 2196 10 19
6| 6 | 552 | 16| 21.26| 6 7.84 14 1225 10 11.
7| 4 | 287 8 | 13.000 8| 405 3 6.83 9 6.3
8| 4| 149 | 7| 795 2| 210 7 381 2 36
9| 8 | 078 3| 4.87 3 1.09 5 2.13 3 2.0
10| 3 | 040 | 4 2.98 3 0.56 3 1.19 0 1.1
a=279.1933 a = 405.6876 a = 408.9050 a = 406.7396 a = 326.5363
b=15291| b=2.0347| b=15173| b=1.7129| b=1.7768
R?=1.00 R?=0.98 R?=1.00 R?=1.00 R?=0.98

68

35
37

15



Distances

69

Persian 1 Persian 2 Persian 3 Persian 4 Persian 5
[ ¢ | Theor | ¢ | Theor | ¢ | Theor | ¢ | Theor | ¢ | Theor
0 | 336| 334.71| 229 | 232.37| 267 | 266.02| 286 | 289.72| 310 | 309.78
1 |177|174.93| 152 | 143.22| 131 | 130.39| 175| 158.91| 187 | 191.42
2|1 80| 9142| 91| 8827 55 6391 13 87.16 13718.28
3| 42| 47.78| 40/ 5440 34 31.33 3 47.80 |52 73.09
4| 38| 2497| 31| 3353 16 1536 23 26.22 |43 45.16
5] 19| 13.05| 23] 2067 19 753 23 1438 P28 2791
6| 15| 6.82| 17| 12.74 9 3.69 18  7.89 P3 1725
7| 12| 356 | 11| 7.85] 12 1.81 14  4.33 12 10/66
8| 13| 1.86 9 484 1( 0.89 6 23F 16 6.58
9| 14| 0.97 4 2.98 5 0.43 3 1.30 10 4.07
10| 8 0.51 3 1.84 4 0.21 5 0.71 3 2.51
a=334.7122a=232.3705 a = 266.0180 a = 289.7198 a = 309.7802
b=15411 |b=2.0662 |b=1.4025 |b=1.6650 |b=2.0773
R°=099 |R*=0.99 |R?=099 |R?*=0.99 |R?®=0.99
Gemanl | German 2 Geman3 | Geman4 | German 5
| | ¢ | Theor | ¢ | Theor | ¢ | Theor | ¢ | Theor | ¢ | Theor
0 | 52| 57.35| 115 125.20| 108 | 108.05| 87 | 87.22 | 63| 66.28
1|49| 36.17 | 102 77.40| 63| 61.12] 53 51.05| 48| 46.65
2 20| 2282 | 44| 47.85 30 34,57 2929.88| 41| 32.83
3111| 1439 | 19| 2958 22 1955 1217.48 | 20| 23.10
4| 6| 9.08| 13| 1829 9 11.06 1110.23| 20| 16.26
5| 3| 573 | 11, 11.30 7 6.25 8 599 (7 1144
6| 3| 3.61 4 6.99 8 354 Y 350 |6 8.05
71 2| 2.28 2 4.32 0 200 5 205 |2 5.7
8| 3| 1.44 3 2.67 6 113 2 120 2 3.99
9| 0| 0.91 2 1.65 2 0.64 3 0.70 1 281
10| 2 | 0.57 0 1.02 2 0366 3 041 1 198
a=57.34753 a=125.1973 a = 108.0546 a = 87.2231 a = 66.2787
b=21702 |b=2.0792 |b=1.7548 |b=1.8667 | b =2.8468
R?=093 |R’=094 |R*=0.99 |R?=0.99 |R?®=0.97
Odial Odia 2 Odia 3 Odia 4 Odia5
i ¢ | Theor | ¢ | Theor | ¢ | Theor | ¢ | Theor | ¢ | Theor
O | 188|188.52| 81| 79.10 | 196/ 196.30| 88| 94.57 | 127| 126.28
1| 83| 79.25| 41 4789 | 86| 8355 7363.72| 72| 72.87
2| 27| 33.32| 37 28.99| 31| 35.56| 504293 | 42| 42.06
3| 11| 14.01| 14 1755 | 13| 15.14| 27 28.93 | 21| 24.27
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4| 12| 589 | 12 10.62| 12| 6.44| 14 1949 | 15| 14.01
5 4 2.48 5 6.43 5 2.74 Y 1313 10 8.08
6| 9 1.04 | 4| 3.89 3 117 8 8.85 7 4.66
71 10| 044 | 1| 2.36 7 0.50 P 5.96 5 2.69
8 3 0.18 5 1.43 2 0.21 4 4.02 D 1.55
9| 4 0.08 | 3| 0.86 4 0.09 3 271 p 0.90
10| 5 0.03 1| 0.52 3 0.04 2 1.82 3 0.5p
a=188.5179a =79.1021 a = 196.29653 a = 94.5715 a = 126.276¢
b=11540 |b=1.99248 b=1.1707 |b=2.5325|b=1.8191
R°=0.99 |R*=097 |R*=1.00 |R?=0.97 |R*=1.00
Russan1l | Russan2 | Russian 3 | Russian4 | Russian 5
I | G | Theor | ¢ | Theor | ¢ | Theor | ¢ | Theor | ¢ | Theor
O | 43| 45.13 | 63| 63.74 | 75| 75.05| 68| 67.92 | 44| 48.81
1| 32| 25.96 | 35/ 31.06 | 24| 23.38 | 34| 32.04 | 44| 33.60
2 13| 1493 | 10| 15.14 | 5 7.28 9 15.12 1923.13
3|/5| 859| 6| 738 4 227 6 7.13 185.92
4| 5| 494 | 5| 360, 2 071 10337 | 7| 10.96
5| 3 2.84 4 1.75 2 0.22 (§) 1.59 9 7.54
61| 164 | 3| 085 22 007 B8 075 |4 519
71 0| 094 | 4, 042 2 002 3 035 |1 357
81| 054 | 1| 020, 2 001y 2 047 |12 2.46
9,0/ 031 1| 0.10, 14 ©000 4 008 2 1.69
10/ 1| 018 | 1| 005 O 000 1 004 0O 117
a=45.13053 a=63.7357 a = 75.0456 a = 67.9217 a = 48.8116
b=18085|b=1.3914 | b=0.8573 | b=1.3312 | b=2.6777
R°=0.97 |R*=098 |R*=099 |R°=0.96 |R?*=0.92
Turkish 1 Turkish 2 Turkish 3 Turkish 4 Turkish 5
i G | Theor | ¢ | Theor | ¢ | Theor | ¢ | Theor | ¢ | Theor
0 | 116| 121.07| 191 | 203.03| 161 | 180.99| 150| 162.53| 144 | 162.73
1| 87| 71.34| 153113.57| 154 | 121.65| 130| 98.01 | 146| 103.24
2| 32| 42.04| 41 63,53 10081.77| 55| 59.100 57 65.50
31 23| 2477 19| 3553 39 5496 17 3564 37 4155
4 | 13| 14.60| 15 1988 21 3694 12 2149 |11 26.36
51| 7 8.60 | 12| 1112 18 2483 11 1296 |5 16|72
6| 3 5.07 | 12| 6.22 9 16.69 9 781 10 10p1
7 4 2.99 7 3.48 8 11.22 5 4.71 b 6.73
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Distances

8] 3] 176 6] 195 7] 754 8 284 h 427

9| 5] 1.04| 10/ 1.09] 1| 507 1 1.71 B 271

10 2 | o061 ] 6| 061 8] 3410 3 103 1 172
a=121.0681a=203.0273 a = 180.9891 a = 162.5280 a = 162.7329
b=1.8909 |b=1.7213 |b=25170 |b=1.9770 |b=2.1975
R?=0.97 R’=093 |R’=093 |R*=093 |R*>=0.90

As can be seen, the divergence between observetthamebtic values in the first
two classes remains but the fitting can be accepteglach case. In fact, for
linguistic reasons a composed probability model lkdae appropriate, but this
should be postponed until additional languages baesm analyzed.
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5. Some further aspects

5.1. Predicativity motifs

Besides the problems scrutinized above one canimmag large number of
further problems which could display the detailstlois aspect of text. Let us
mention and describe them stepwise.

Separating the sentences, one would obtain assefrishort sequences of
AN,V which can be treated in the same way as Kohlg2ai5) motifs. One
obtains a rank-frequency distribution, a conceitrato one or more motifs,
distribution of lengths, etc. However, this is adaig rather for longer texts.
Consider, for example the Slovak Text 1, for whane obtains the sentence
structures

N,A,N,N,V,N,N,N,
N,N,N,N,V,N,V,N,A,
V,N,N,N,
N,V,A,N,N,N,N,V,N,N,A,N,N,
V,AN,V,N,A/N,N,
V,V,A,N,V,N,
N,AN,N,N,AAN,N,V,N,N,A,N,N,N,A/N,
N,N,V,N,V,N,V,A/N,A,N,V,N,
A\V,AN,

N,V,N,N,AAN,
N,V,N,A,N,N,
AAN,AN,V,N,N,V,N,N,N,N,
N,V,N,N,N,N,N,
AV,N,A,N,N,N,N,A,N,N,N,V,N,
V,AN,V,N,A/N,N,V,
N,N,N,N,V,N,A,N,N,N,N,N,V,
N,V,A,N,N,V,

V,AN,N,
N,N,A,N,N,V,N,V,A/N,N,N,N,
N,N,A,N,V,N,V,N,A,

N,N,V

72



Some further aspects

The motifs are here qualitatively all different ihere are motifs/sentences of
the same length, unfortunately represented vergcslya hence no distribution
can be proposed. One obtains

Lengths Frequency

RrPOOOOWNNWOWEPER

The numbers are too small for proposing even andiie hypothesis.

An alternative way is to count for each motif/secie the number of, N,

V, to obtain various indicators: (a) A sequence aftes containing the numbers
AN,V in individual sentences, and study their chand®; An indicator of
predication sentence-wise expressed quantitatigaty yielding a curve which
may have quite special properties; (c) If the caraee similar in one text type,
one could use them for characterizing also othertypes.

Let us consider sentence similarity. If we rewtite sentence as a sequence
of symbols, heré, N, V, then some sentence pairs are more similar tHasrot
Here not only the number of identical symbols Hsbdheir position is relevant.
One may automatically set up the hypothesis thatntlean similarity decreases
with increasing distance. A hypothesis of this kive$ been tested with regard to
phonetic similarity of verses in the old Malay epioetry (cf. Altmann 1968;
Altmann, Koéhler 2015: 160 f.) where a stochastgutarity has been found. The
hypothesis can be tested in poetry in two waysceonng individual verses and
concerning individual strophes. Of course, the liypsis of decreasing similarity
with increasing distance can be tested with ang kihentities or structures. It is
in accordance with Skinner’'s principle of “formaht@ancement” (cf. Skinner
1939, 1941, 1957). Skinner conjectured that artyertmostly a phonetic one —
activates the respective part of the brain andstimeulus diminishes slowly with
time. Hence, text parts positioned nearer to orm¢hem may be more similar than
distant ones. This hypothesis can be applied tdkardyof entity — from sound to
sentence — and the result may be both modeled sed for solving various
textological and psycholinguistic problems. Howevirthe text is not long
enough, even opposite tendencies may appear. Tleushmuld begin inductively
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and the longer is the compared entity, the longestrbe the texts in order to
eliminate strong oscillation.

One can consider the text as a whole, i.e. asventr. One can set up
motifs of different kind, as shown in Kéhler (201®0hler, Tuzzi (2015) and
search for their properties, diversity, etc. Thepect has a good chance to trace
down some laws.

5.2. Length-frequency of predication motifs

A further possibility of setting up motifs is toplace the letteA,N,V by their
predication value, namely = 0,A=V = 1. For the above text we obtain

01/001/00000001/01/011/000011/00001/001/0011/01/01/
00111/01/001/00011/001/001/0001/0001/01/011/01mM11D
001/0011/001/01/0011/01/01/001/000001/0000011/01/
00001/0001/011/01/01/001/00001/01/000001/011/00111/
00001/001/011/0000001/01/01/01/001/

We obtain the length-frequency distribution preedrnin Table 5.1. As is
usual (cf. Popescu, Best, Altmann 2014), we fitZi@-Alekseev function to the
data, instead of searching for a distribution @hde shown that the Zipf-dis-
tribution is adequate). The formula is

(5.1) y=cxPn()
Table 5.1
ANV-Motifs: Slovak T 1
Length Freguency Zipf-Alekseev
2 16 16.06
3 15 14.39
4 8 10.07
5 9 6.51
6 4 4.11
7 2 2.59
8 1 1.65
a=2.2388, b=-1.4001, c = 6.6674,5R0.95

For all texts and languages the motif lengths &played in Tables 5.2. to 5.10.
The parametera,b,c are those of the Zipf-Alekseev function (5.1).
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Table 5.2
Length-frequencies of predication motif&ovak
L ength T1 T2 T3 T4 T5
Emp| Theor | Emp | Theor Emp | Theor| Emp | Theor| Emp | Theor

1 - - 1 | 0.99 1| 3.64 1| 285 1| 1.78

2 16 | 16.06| 23 |23.11| 29 |27.59| 18 |16.59| 18 | 18.47

3 15 | 14.39| 28 |27.64| 21 |22.31| 14 | 15.40| 23 | 20.55

4 8 | 10.07| 14 14904 9 |10.26/ 8 | 891| 8 |12.60

5 9| 6.51 7 | 602 4| 393 7| 439 7| 6.25

6 4 | 411 2 | 218 10 | 142, 2| 205 7 | 2.85

7 2 | 2.59 1 | 0.76| - - - - 2 | 1.27

8 1| 1.65 2| 019, 1| 044 - -

9 1| 0.25

10 - -

11 1| 0.05
a=2.2388 |a=7.1390 |a=5.0992 |a=4.2628 |a=5.3384
b=-1.4001 | b=-3.7376 | b=-3.1385| b =-2.4814| b =-2.8322
c=6.6674 [c=0.9874 |c=3.6367 |[c=2.8474 |c=1.7798
R°=0.95 |R°=0.997 |R°=0.86 |R’=0.94 |R*=0.91

Table 5.3
Length-frequencies of predication moti€ oatian
Length T1 T2 T3 T4 T5
Emp | Theor Emp| Theor Emp | Theor| Emp | Theor| Emp | Theor

1 1| 1.85 - |- 1/0.11 - |- 1| 1.01

2 11| 1011 | 6 |5.93 12|12.37| 28] 28.05 9| 8.58

3 9| 10.56 5 |5.07 22121.21| 25|24.86) 12|12.85

4 9| 7.13 4 14.16 10(11.59| 16|15.84| 12|11.70

5 3| 4.12 3 [3.39 514.12 8/ 9.06| 10| 8.76

6 - - 3 277 311.23 6| 5.01 5| 6.00

7 1| 1.21 4 |2.29 1/0.34 3| 2.77 4| 3.95

8 - - 1 190 1| 1.54 2| 255

9 2| 0.35 1 |1.60 1| 0.87 - -

10 - - 1| 0.50 1]1.06

11 - - - -

12 - - 1| 045

20 1| 0.001
a=3.9238 a=0.4147, a=10.1980 a=12.9837 434
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b=-2.1296 |b=-0.4453]b=-4.9496]b=-1.8314]b=-1.9072

c=1,8530 |c=5.5055|c=0.1136 |c=8.5491 | c=1.0064

R?=0.90 R’=0.80 |R’=098 |R?*=0.997 |R*=0.98
Table 5.4

Length-frequencies of predication motiGer man

Length T1 T2 T3 T4 T5
Emp| Theor | Emp| Theor | Emp| Theor| Emp | Theor| Emp | Theor
1 2| 3.04| - - 1(4.80 1]3.24 - -
2 22| 21.26| 45 | 4462 | 24|19.50| 20|18.32| 23|22.42
3 10| 11.72| 22 | 24.62 13|18.83] 16|17.69, 16|18.66
4 5| 354 | 19 | 14.33 15|12.53, 11/10.80, 16|11.69
5 3| 090 | 8 8.80 8| 7.34 6| 5.63 6|6.70
6 3| 022 | 4 5.65 41 411 1| 2.78 2|3.76
7 0| 0.05| 3 3.76 4| 2.28 6| 1.35 11211
8 1] 001 - - 2| 1.27 2| 0.66 1]1.20
9 1| 0.004| - - - -
10 - - - - - |-
11 - - 1 0.97 1| 0.24
12 1/0.0001
a=55042 |a=-0.3924 |a=3.3520 |a=4.1296 |a=2.5782
b=-3.8914 |b=-0.5993 |b=-1.9189| b =-2.3529| b =-1.6918
c=3.0385 |c=78.1123 |c=4.8018 |c=3.2419 |c=8.4624
R°=094 |R°=098 |R*=0.84 |R*’=0.90 |R*=0.94
Table 5.5
Length-frequencies of predication motiFersian
L ength T1 T2 T3 T4 T5
Emp | Theor| Emp | Theor Empg TheorEmp | Theor| Emp | Theor
2 60 |58.81| 43| 43.64 | 45 4452 56|56.49| 60|60.73
3 39 144.02] 67| 6533 | 31 |33.89| 53|50.63] 70|67.22
4 35 |30.32] 29| 32.66 | 29 | 2257, 28|32.84] 38|43.88
5 24 1 20.63| 13| 1090 | 9 |14.58| 22|19.16/ 30|23.70
6 10 | 14.15 7| 3.09 | 12 | 9.42| 13|10.82 8111.91
7 11| 9.85 4| 0.83 3 6.17 5| 6.08 7| 5.85
8 8 | 6.97 3| 0.22 7 4.10 1| 3.45 3| 2.87
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9 3 | 5.01 3| 0.06 1 2.77 3| 1.99 5| 1.42
10 2| 3.66 1| 0.02 2 1.90 2| 1.16 1| 0.71
11 2| 271 - - 1 1.33 1| 0.69 1| 0.37
12 1| 2.03 - - 2 0.94 1| 0.42
13 1| 0.0004| 1 0.67 1| 0.26
14 - - 1 0.49
15 - -
16 1| 0.00001
a=0.7916 |a=9.7971 a=1.2415 |a=2.9193 [a=4.7311
b=-0.8403|b=-4.9124 |b=-1.0685|b=-1.7802|b =-2.5007
c =508694 | c =0.5196 c=14.7758| ¢ =5.0738 |c=7.6R29
R=0.98 |R?®=0.99 R°=096 |R*=0.99 |R?*=0.98
In Persian T 5, the outlier 1 at length 22 besn omitted.
Table 5.6
Length-frequencies of predication moti€shinese
Length T1 T2 T3 T4 T5
Emp | Theorl Emp | Theor| Emp | Theor| Emp | Theor| Emp | Theor
1 1 5.81 1 13.53| - - 1 6.87| 1 7.20
2 35 |32.24| 89 |80.02| 55 |54.13| 59 |56.79| 52 |48.16
3 37 |37.14| 75 |82.27| 53 |56.37| 68 |67.39| 50 |53.42
4 24 | 27.94| 48 |53.34| 47 [40.99| 41 |47.24| 38 |36.62
5 20 |17.97| 39 |29.42| 21 |26.25| 33 |27.31] 18 |21.11
6 10 |10.87| 16 |15.29| 20 |16.03| 16 |14.63| 15 |11.39
7 9 6.42 | 12 782 7 9.65| 5 7.62| 6 6.01
8 6 3.78| 6 401 6 5.82| 5 3.95 7 3.17
9 2 224 | 2 2.08| 3 354 5 |2.064| 4 1.68
10 3 1.34 - 1 217 4 1.09] 1 0.91
11 1 0.81 - - 1 1.35| 1 0.59| - -
12 1 050 | - - 1 0.85| - - - -
13 1 0.18| 1 0.55| - - - -
14 - - 1 0.10| 1 0.09
15 1 0.23| - - -
16 - - 1 0.03| - -
17 - - - -
18 1 0.07 - -
19 1 0.01
a=3.8099 |a=4.1388 |a=3.2221 |a=4.7047 |a= 4.3094
b=-1.9316 | b=-2.2717 | b=-1.7424 | b =-2.3923 | b =-2.2624
c=5.8146 |c=13.5302|¢c=13.3988|c=6.8670 |c=7.2028
R°=097 |R*=0.95 |R?*=0.98 |R*=098 |R®=0.97
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Table 5.7
Length-frequencies of predication motiEungarian
L ength T1 T2 T3 T4 T5

Emp | Theorl Emp | Theor| Emp | Theor| Emp | Theor| Emp | Theor
1 - - - - 1| 2.99 1| 230 1 | 2.76
2 23 |22.74] 16 |15.53| 23(21.50, 19 |18.04| 26 |25.06
3 9 |11.02| 15 |16.63| 17|19.57| 16 |17.69| 22 |23.21
4 10 | 6.27 | 14 |11.82| 13|10.46| 12 |10.09, 12 |11.92
5 3 | 3.93 7 | 7.26 4| 4.68 4 | 4.77 7 | 5.01
6 2 | 2.63 4 | 4.21 2] 1.97 2 | 211 1 | 1.97
7 1 1.85 1| 241 11082 - - - -
8 1/034| 1 | 0.40 1 | 0.30
9 1| 0.15

a=-1.3312|a=3.6732 |a=4.7901 |a=4.8770 |a=5.3104

b=-0.2537 | b=-1.9558 | b =-2.8032 | b =-2.7485 | b =-3.0692

C=64.6676|c=3.1147 [c=2.9882 |c=2.2994 |c=2.7590

R°=0.94 |R°=095 |R°=0.96 |R*°=097 |R°=0.98

Table 5.8
Length-frequencies of predication moti@dia
L ength T1 T2 T3 T4 T5

Emp | Theor| Emp | Theor| Emp | Theor| Emp | Theor| Emp | Theor
1 1 | 364 - - 1 (394 1 |507| - -
2 21 [19.47] 13 |13.35| 30 |28.29] 28 |23.20| 19 |19.84
3 22 [21.86] 19 |18.00| 23 [24.58| 16 |23.17| 27 |24.45
4 13 |16.10/ 10 |11.73| 11 |12.47| 20 |[15.54| 13 |16.85
5 13 (10.18 7 | 584 8 |529| 10 | 9.08| 11 | 9.37
6 4 | 606 2 260 4 (211 5 |505| 4 4.78
7 5 | 354| 2 111 2 084 2 277 5 2.37
8 4 | 206 2 | 047 4 | 034 - - 2 1.16
9 2 1.21| - - - - 1 0.58
10 1 |071] - - 1 | 048] - -
11 - - 1 - 1 0.15
12 - - 0.02
13 - -
14 1 | 0.10
15 1 | 0.06

a=3.7654 | a=6.4867| a=4.8583 a=35784 4942

78



Some further aspects

b=-1.9428 |b=-3.2092 | b =-2.9049 | b=-1.9985 | b = -2.6114
c=3.6421 |c=0.6957 |c=3.9384 |c=5.0723 |c=1.9003
R°=0.94 |R°=097 |R’*= 095 |R°=0.84 |R?*=0.95
Table 5.9
Length-frequencies of predication motiRussian
L ength T1 T2 T3 T4 T5
Emp | Theor| Emp | Theor| Emp | Theor| Emp | Theor| Emp | Theor
1 1108 1 |174] - - - - 1 | 242
2 10 [10.19| 9 | 863| 2 | 1.83| 10 | 9.92| 20 |18.87
3 11 |10.49| 10 | 951| 5 | 489| 9 | 9.04| 15 |17.27
4 5| 567 5 | 699 5 |[579| 6 | 6.94| 12 | 9.11
5 2 | 245| 6 | 445| 6 | 488| 7 | 5.05| 3 | 398
6 2 | 097| 3 | 267| 3 |348| 3 | 362| 1 | 164
7 11038 1 | 158] 3 |[228]| 2 | 259
8 1] 015/ 1 | 055 - |1.43] - -
9 11033 1 |087| - -
10 1 | 053] 1 | 1.00
a=5.7810 |a=3.5137 |a=7.1779 |a=1.5543 | a=4.9685
b=-3.1863 |b=-1.8834 | b=-2.6535 | b =-0.9952 | b = -2.8949
c=0.8565 |c=1.7419 |c=0.0453 |c=5.4485 |c=2.4220
R’=0.97 |R°=092 |R’=0.86 |R°=093 |R*’=0.94
Table 5.10
Length-frequencies of predication motifsurkish
Length T1 T2 T3 T4 T5
Emp | Theor | Emp Theor Emp Theor Emp Theor Emp Th
1 - - - - - - 1 | 324 - -
2 30 | 29.07 | 46 |46.22| 60 | 59.73 | 42 | 41.28| 56 | 55.45
3 20 | 24.13| 46 | 45.13| 52 | 53.39 | 42 |42.64| 38 | 40.61
4 22 | 16.49 | 25 | 26.65| 33 | 29.30 | 23 | 22.72| 27 | 23.31
5 12 | 10.64| 14 |13.23| 10 | 1366 | 8 | 9.61 | 14 | 12.52
6 2 6.79 7 |1 618| 5 | 6.04 7 | 373 | 4 | 6.66
7 - - 2 | 284 | 5 | 264 2 | 142 | 1 | 358
8 - - 2 132 1 | 117 2 | 054 1 | 1.96
9 2 1.85 2 | 0.62| - - 1 | 0.21
10 1 1.24 - -
11 1| 0.11
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a=1.7759 |a=4.5244 [a=4.4002 |a=5.9386 |a=2.2334
b=-1.2475 |b=-25579 |b=-2.6102 |b=-3.2701 |b=-1.6753
c=115.4597|c=6.8637 |c=9.9142 |c=3.2391 |c=26.3739
R*>=0.91 R*>=0.997 |R*=0.99 R’=0.99 |R*=0.99

It can be shown that the relatitn= f(a) is linear testifying to simple self-re-
gulation. The resulting formulas are presentedahl@ 5.11.

Table 5.11
Length-frequencies of predication motifs

L anguage b = f(a) R?
Slovak b=-0.4141 - 0.4784*a 0.95
Croatian b=-0.2607 — 0.4541*a 0.98
German =—-0.5271 - 0.5153*a 0.86
Persian b=-0.4693 — 0.4495*a 1.00
Chinese b=-0.2198 — 0.4707*a 0.91
Hungarian b=-0.7368 — 0.4126*a 0.97
Odia b=-0.4242 — 0.4416*a 0.84
Russian =—0.6926 — 0.3544*a 0.66
Turkish = —0.5265 - 0.4625*a 0.98

As can be seen, only one language, namely Rusdeuiates from the
usual image, all the other languages follow a umiqechanism. Here we shall
not search for this single boundary condition.dh de found only after having
scrutinized many other languages.

Though we have modeled the length-frequency deperedby means of a
simple function, it is possible to characterize thgts and also the languages
applying the <I,S> criterion (cf. Ord 1972; Popestwal. 2009:155 ff) yielding
here five values for each language. The computdtionulas, to which we also
add the Pearsonian excess are:

Ord’s indicators:

i
33 33
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Pearson’s excess:

m
B, = m—;;
Table 5.12
Ord’s criterion for length-frequency of motifs
Slovak I S B
T1 0.6536| 1.2335| 2.8703
T2 0.4182 1.0410| 3.6928
T3 0.7445| 1.7285| 3.3937
T4 0.5885| 1.4480| 4.0536
T5 0.8965| 2.7781| 5.9827
Croatian
T1 1.4591| 5.0960| 8.1808
T2 0.9483] 0.8911| 2.0488
T3 0.4548] 1.0419| 3.4614
T4 0.8076| 2.4094| 5.0414
T5 0.9930] 2.5352| 5.0613
German
T1 1.3412| 4.5083| 8.1326
T2 0.7294] 2.9014| 8.4000
T3 0.9471] 2.4125| 4.9194
T4 0.8418] 1.7397| 3.0758
T5 0.5388] 1.5121| 4.3398
Persian
T1 1.5051| 2.7446| 4.4259
T2 1.4892| 5.4839| 13.8521
T3 1.9581| 4.3554| 6.3065
T4 1.4503 3.7508| 7.4127
T5 1.1227| 2.6512| 5.5962
Chinese
Tl 1.1131] 2.6109| 4.2200
T2 0.7992| 2.3567| 5.9156
T3 1.3042| 5.4621| 11.6401
T4 1.1554 4.3409| 9.0570
T5 1.2713| 5.6898| 14.2445
Hungarian
T1 0.5361| 1.4491| 3.6212
T2 0.4836| 0.8043| 2.6289
T3 0.7107| 2.4126| 5.9055
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T4 0.5268 1.5772| 5.0092
T5 0.4791] 1.5398| 5.3128
Odia

T1 1.4826| 4.6867| 7.5344
T2 0.8625| 3.0357| 6.4171
T3 0.8107| 2.0653| 3.8684
T4 0.6876| 1.8790| 5.3401
T5 0.8708 2.5268| 4.9857
Russian

T1 0.7355| 1.9030| 4.0340
T2 0.8629 1.6956| 3.4512
T3 0.7768) 1.5325| 3.3150
T4 0.8215| 2.0599| 4.5744
T5 0.3676| 0.6719| 2.8799
Turkish

T1 0.7147| 2.7445| 7.3507
T2 0.6544 2.1618| 5.2992
T3 0.6216| 2.6544| 8.3235
T4 0.6356| 2.0907| 5.2352
T5 0.4812 1.3553| 4.1032

6 length-frequency of motifs
of 45 texts in 9 languages 0. .
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Figure 5.1. The <I,S> criterion for the length-fuegcy of motifs

The same can be done with B, as displayed in Figure 5.2.
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Figure 5.2. The relation of excess to Ord’s indic&.

The trends seem to occupy restricted areas, bwtoilld be premature to
formulate hypotheses because we considered ondylanguages evaluating only
five texts in each. Nevertheless, there are oblyosgecial trends which will
possibly hold true also in other languages andraid types. It is, of course,
possible that other text types will display diffetérends.

5.3. Rank-frequency of predication motifs

If one ranks the predication motifs according teitlrequency, one obtains for
the Slovak Text 1 the results displayed in Tabl&35.The ranking has the
advantage that it begins always with x = 1 anddlse no zero frequencies. It is
possible to use the slightly modified Zipf-Aleksdewmction by adding 1, i.e/ =

1 + o' *in order to obtain all the expected values grettan 1. Here we
examine the types of motifs, e.g. 001 differs froid.
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Table 5.13
Rank-frequency distribution of predication motifisSlovak T 1
Rank | Frequency | Zipf-Alekseev
1 16 16.24
2 11 9.57
3 5 6.37
4 4 4.56
5 3 3.44
6 3 2.68
7 3 2.15
8 2 1.76
9 1 1.47
10 1 1.24
11 1 1.06
12 1 0.91
13 1 0.80
14 1 0.70
15 1 0.62
16 1 0.55
a=-0.6109, b=-0.2197
c=16.2391, R=0.98

For all our data we obtain the results in Tabldg 5to0 5.22.

Table 5.14
Rank-frequency distribution of predication motifisdovak

Rank T1 T2 T3 T4 T5

Emp | Theor| Emp | Theor| Emp | Theor| Emp | Theor| Emp | Theor
1 16 |16.24| 23 |22.90] 29 |28.93| 18 |18.14| 18 |18.17
2 11 957 15 |15.93| 12 |12.48| 10 | 890| 14 |13.42
3 5 6.37| 13 |10.50 8 7.59 4 | 552 9 | 8.99
4 4 | 4.56 5 | 7.13 5 | 532 4 | 3.83 5 | 6.13
5 3 3.44 5 | 5.01 5 | 404 3 2.83 5 | 430
6 3 2.68 4 | 3.63 3 | 3.22 2 2.19 3 | 3.10
7 3 2.15 3 | 270 3 2.65 2 1.76 2 | 2.29
8 2 1.76 2 | 2.06 2 2.24 1 1.44 1 1.73
9 1 1.47 1 | 1.59 2 1.93 1 1.20 1 1.33
10 1 1.24 1 | 1.25 2 1.69 1 1.02 1 1.04
11 1 1.06 1 | 1.00 1 1.50 1 0.88 1 0.82
12 1 0.91 1 | 0.81 1 1.35 1 0.76 1 0.66
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13 1 0.80/ 1 | 0.66 1| 122 1 | 0.67 1 | 054
14 1 0.70/ 1 | 0.55 1| 111 1 | 0.59 1 | 044
15 1 0.62 1 1.01 1 0.53 1 0.36
16 1 0.55 1 | 0.30
17 1 | 0.25
18 1 | 0.21
19 1 | 0.18
a=-0.6109 |a=-0.2062 |a=-1.2042 | a=-0.9316 | a =-0.0906
b=-0.2197 | b=-0.4583 | b =-0.0122 | b =-0.1381 | b =-0.5000
c=16.2391 | c=22.8979 | c =28.9294 | c =18.1449 | c = 18.1664
R°=0-98 |R°=098 |R*=0.997 |R°=0.99 |R*=0.99
Table 5.15
Rank-frequency distribution of predication motmsdr oatian
Rank T1 T2 T3 T4 T5
Emp | Theor] Emp | Theor| Emp | Theor| Emp | Theor| Emp | Theor|
1 11 [10.99] 6 |590| 12 |11.99| 28 |27.97| 9 | 8.82
2 6 574 3 | 351| 12 |12.34| 16 |15.76| 8 | 8.62
3 3 396| 3 | 263] 10 | 881| 9 1032 7 | 7.04
4 3 3.05| 2 2.15 5 | 592 8 736 6 | 5.61
5 3 249 | 2 1.85| 4 | 3.98 6 553 6 | 4.48
6 3 212 | 2 1.63 2 | 271 5 432 4 | 3.61
7 2 1.85| 2 1.48 2 | 1.88 4 347, 2 | 2.95
8 2 1.64 | 1 1.35 1 | 1.33 3 284, 2 | 2.43
9 1 148 | 1 1.25 1 | 0.95 2 237, 1 | 2.02
10 1 1.35 1 1.17 1 0.70 2 2.01 1| 170
11 1 1.24 | 1 1.10 1 | 052 1 | 1.73 1 | 1.44
12 1 1.15| 1 1.05 1 | 0.39 1 1.49] 1 | 1.23
13 1 1.00 1 | 0.29 1 | 131 1 | 1.06
14 1 | 0.95 1 | 0.23 1 1.15/ 1 | 0.92
15 1 | 1.02 1 |0.80
16 1 091 1 | 0.70
17 1 | 0.62
18 1 | 0.55
19 1 | 0.48
20 1 | 043
21 1 | 0.39
a=-0.9463 |a=-0.7692 | a=0.5930 |a=-0.6920 | a=0.2600
b=0.0154 |[b=0.0294 |b=-0.7945 | b=-0.1959 | b =-0.4231
c=10.9883 | c=5.9001 |c=11.9868|c=27.9740|c=8.8173
R°=0.97 |R*=096 |R°=098 |R*=0.99 |R*=0.95
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Table 5.16
Rank-frequency distribution of predication motifsGer man
Rank T1 T2 T3 T4 T5

Emp | Theor| Emp | Theor| Emp | Theor| Emp | Theor| Emp | Theor
1 22 |22.09| 44 |43.99| 24 |23.67| 20 |19.75| 23 |22.75
2 8 704 | 17 |16.63] 8 |10.22| 8 9.71 | 9 |10.57
3 3 390 | 8 951 | 8 6.50| 8 6.36 | 7 6.68
4 2 266 | 6 6.43| 5 479 | 5 469 | 7 4.80
5 2 202 | 6 475| 5 382| 4 3.70| 4 3.70
6 2 1.64| 5 3.72| 5 3.20| 3 3.04| 3 2.99
7 1 1.38| 5 3.03| 2 276 | 3 257 | 3 2.49
8 1 1.20| 2 254 | 2 244 | 2 223 | 2 2.13
9 1 1.06 | 2 217 | 2 220 | 2 196 | 1 1.85
10 1 096 | 1 1.89| 2 200 | 2 1.75] 1 1.63
11 1 088 1 1.67| 2 1.84| 1 157 1 1.45
12 1 081 1 149 | 2 1.71] 1 143 1 1.31
13 1 076 | 1 134 1 1.60| 1 131 1 1.19
14 1 071 1 122 1 151 1 121 1 1.09
15 1 067 1 1.11] 1 143 1 112 1 1.00
16 1 1.02] 1 1.35| 1 1.04
17 1 1.29

a=-1.7751 |a=-1.4188 |a=-1.2722 |a=-1.0121 |a =-1.0896

b=0.1798 |b=0.0226 |b=0.0866 |b=-0.0180 |b=-0.0238

€ =22.0945|c=43.9886 | c =23.6764 | c =19.7506 | c = 22.7489

R°=0.99 |R°=099 |R*=097 |R*=0.98 |R*=0.98

Table 5.17
Rank-frequency distribution of predication motifisHer sian
Rank T1 T2 T3 T4 T5

Emp | Theor| Emp | Theor] Emp | Theor| Emp | Theor| Emp | Theor
1 60 |59.05 43 |43.35| 45 |44.34| 56 |55.93| 60 |59.55
2 22 | 27.36] 40 |39.20| 18 |22.14| 33 |32.84| 36 |39.45
3 19 | 1750 27 |25.70| 17 |14.26| 20 [21.51| 34 |26.98
4 17 |12.77) 13 |16.20| 14 |10.28| 15 |15.15| 16 |19.37
5 11 |10.00f 9 [10.32| 7 791 | 13 |11.21| 13 |14.45
6 9 | 820| 7 6.72| 6 6.35| 10 | 861 | 11 |11.12
7 7 1694| 5 448 | 6 525| 8 6.80| 9 8.76
8 7 | 600| 4 3.06| 4 444 | 5 548 | 8 7.05
9 6 | 5.28| 3 213 | 4 3.82| 4 450 | 6 5.76
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10 6 | 471 3 151| 4 3.34| 3 3.76 | 5 4.77
11 4 | 425 3 1.09| 2 295| 2 317 | 4 | 4.00
12 3| 387 2 080 | 2 263 | 2 271 3 3.39
13 3| 355 1 060 | 2 236 | 2 233 | 3 2.90
14 3 328 1 045| 2 214 | 2 202 | 2 2.50
15 3 |305| 1 034 2 1.95| 2 1.77| 2 2.17
16 3 1284 | 1 026 1 1.78 | 1 156 | 2 1.90
17 2 | 266 1 021 1 1.64| 1 138 1 1.67
18 2 | 250 1 016 | 1 152 1 123 1 1.48
19 2 1236 1 013 | 1 141 1 1.10] 1 1.31
20 1 | 224 1 010 1 1.31] 1 099 | 1 1.17
21 1 212 1 0.08| 1 122 1 089 1 1.05
22 1 202 1 007 1 1.14 | 1 081 1 0.94
23 1 (193] 1 005| 1 1.07] 1 073 1 0.85
24 1 (184 1 004 1 1.01] 1 067 1 0.77
25 1 176 1 0.04 1 0.70
26 1 0.63
a=-1.1152 |a=0.4195 |a=-0.9498 | a=-0.5934 |a=-0.3781
b=0.0076 |b=-0.8149 | b=-0.0754 | b =-0.2517 | b =-0.3118
€ =59.0473 | ¢ =43.3535 | c =44.3448 | ¢ = 59.9529 | ¢ = 59.5489
R°=0.98 |R°=099 |R°=0.98 |R°=0.997 |R*=0.98
Table 5.18
Rank-frequency distribution of predication motimsGhinese
Rank T1 T2 T3 T4 T5
Emp | Theor| Emp | Theor| Emp | Theor| Emp | Theor| Emp | Theor
1 35 [35.19] 89 [88.90| 55 |54.61| 59 |58.37| 52 |51.34
2 22 |21.19) 46 |45.75| 33 |34.43| 34 |38.21 26 |29.82
3 15 | 14.74| 29 |29.35| 23 |23.73| 34 |26.67| 24 |20.13
4 10 |11.06| 17 |20.89| 20 |17.41| 16 |19.65| 14 |14.73
5 8 8.70 | 16 |[15.83| 13 |13.34| 15 |15.07, 13 |11.34
6 6 7.08| 15 [12.50f 11 |10.55| 11 |11.90| 11 | 9.04
7 6 590| 14 |10.17| 10 | 855| 11 | 963 | 7 7.40
8 6 500| 10 | 847 | 9 706 | 10 | 793 | 5 6.19
9 5 431| 8 718 | 5 593| 6 6.64| 5 5.25
10 4 3.76| 7 6.17| 4 504| 5 563| 4 | 452
11 4 3.31| 5 537 | 3 433 | 5 482 | 3 3.93
12 3 295 4 472 | 3 3.76 | 3 417 | 3 3.46
13 3 264| 4 419 | 3 329 3 364| 3 3.06
14 2 2.38| 3 3.74 | 2 290 | 3 3.20| 2 2.73
15 2 216 3 3.37| 2 257 | 3 283 | 2 2.45
16 2 1.96 | 2 3.04| 2 230 | 2 252 | 2 2.21
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17 2 1.80| 2 277 | 2 206 | 2 225| 2 | 2.00
18 2 1.65| 2 253 | 2 1.86| 2 2.02| 2 1.83
19 1 152 2 232 1 1.68| 2 1.82| 2 1.67
20 1 141 | 2 214 1 153 1 165 1 1.53
21 1 131 1 197 | 1 139 1 150 1 1.41
22 1 1.22 1 1.83 1 |1.27 1 |1.37 1 1.30
23 1 1.14 1 1.70 1 |1.17 1 |1.25 1 1.21
24 1 1.06| 1 158 1 |1.07 1 |[1.15 1 1.12
25 1 1.00| 1 148 | 1 |0.99 1 |1.06 1 1.05
26 1 094 1 1.39| 1 |0.92 1 10.98 1 | 0.98
27 1 088 | 1 1.30] 1 |0.85 1 [0.90 1 | 091
28 1 083 1 122 1 |0.79 1 /0.83 1 | 0.86
29 1 0.79 1 1.15 1 10.73 1 10.77 1 0.80
30 1 0.74 1 ]0.68 1 10.72 1 | 0.76
31 1 (0.64 1 |0.67 1 |071
32 1 ]0.60 1 ]0.63
33 1 ]0.56 1 10.59
34 1 |0.53
a=-0.6292 |a=-0.8721 | a=-0.5061 | a=-0.4368 | a =-0.6673
b=-0.1485 | b=-0.1244 | b =-0.2297 | b =-0.2514 | b =-0.1684
c=35.1917 | ¢ =88.8999 | c =54.6062 | c =58.3688 | c = 51.3440
R°=0.996 |R°=0.995 |[R°=0.99 |R*=098 |R*=0.99
Table 5.19
Rank-frequency distribution of predication motiisHungarian
Rank T1 T2 T3 T4 T5
Emp| Theor| Emp| Theor| Emp| Theor| Emp| Theor| Emp | Theor
1 23 | 22.83]| 16 |16.09| 23 | 22.86| 19 |19.25| 26 | 25.88
2 5 | 6.78| 10 | 9.45| 11 |12.13| 15 |13.65| 13 | 13.77
3 5 | 38| 6 | 643, 9 | 749 | 6 | 7.70| 9 | 854
4 4 | 277 4 | 473 6 | 507| 3 | 435| 7 | 580
5 4 | 222 4 | 366 3 | 364| 3 | 254 4 | 417
6 2 [ 190 3 | 293 2 | 272 3 |154| 3 | 3.14
7 1 | 170 3 | 241 2 |210| 2 | 09| 2 | 243
8 1 (156 | 2 | 202 1 |167| 1 |062| 2 | 1.93
9 1 1.46 2 172 1 1.35 1 0.41 1 1.57
10 1 1.39 1 148 | 1 111 1 0.28 1 1.29
11 1 | 133 1| 129 1 092, 1 | 019 1 1.08
12 1| 114 1 0.78 1 0.91
13 1 101 1 0.66
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14 1] 090| 1 0.57
15 1 | 0.81
16 1| 0.73
a=-1.9832 | a=-0.6516 | a=-0.7413 | a=0.0816 |a=-0.7409
b=0.3329 |b=-0.1665 | b =-0.2493 | b =-0.8331 | b =-0.2438
c=22.8330|c=16.0863| c =22.8605|c=19.2466 | c = 25.8782
R°=097 |R°=099 |R’=0.99 |R*=0.97 |R*=0.995
Table 5.20
Rank-frequency distribution of predication motisQdia
Rank T1 T2 T3 T4 T5
Emp| Theor| Emp| Theor | Emp Theor| Emp| Theor| Emp| Theor
1 21 | 21.00f 13 | 13.01| 30 |30.31| 28 |27.83| 21 |21.73
2 16 | 16.03| 11 | 10.91| 17 |14.61| 13 | 14.30| 19 | 15.08
3 11 | 11.49| 8 8.09 6 | 895| 11| 9.13| 6 0.29
4 10 | 838 | 6 5.98 6 | 6.15 6 | 647 | 6 7.28
5 6 6.28 | 4 4.50 4 | 452 51| 488 | 6 5.33
6 4 | 481 | 4 3.46 3 | 3.48 4 | 3.84| 5 | 4.01
7 3 | 377 ] 3 2.70 3 | 2.77 31311 3 3.10
8 3 | 300]| 2 2.15 3 | 2.26 3 |258| 2 2.44
9 2 243 | 2 1.73 3 | 1.88 2| 218 | 2 1.96
10 2 199 | 1 1.41 2| 1.59 2| 187 2 1.59
11 2 1.65 1 1.16 2| 1.36 1| 162 2 1.31
12 2 1.38 | 1 0.97 1| 1.18 1| 142 2 1.09
13 1 1.17 1| 1.03 1| 126 1 0.91
14 1 0.99 1| 0.91 1| 112 1 0.78
15 1 0.85 1| 0.81 1| 1.00| 1 0.66
16 1 0.74 1] 091 1 0.57
17 1 0.64 1 0.49
18 1 0.56 1 0.43
19 1 0.38
a=-0.1164 |a=0.0525 |a=-0.9547 | a=-0.8689 | a=-0.2648
b=-0.3940 | b=-0.4422 | b=-0.1413 | b=-0.1320 | b =-0.3783
c=21.0001|c=13.0147 | c=30.3106| c =27.8261| c = 21.7321
R°=099 |R°=099 |R’=0.98 |R*=0.99 |R*=0.93
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Table 5.21
Rank-frequency distribution of predication motiisRussian
Rank T1 T2 T3 T4 T5
Emp| Theor| Emp| Theor| Emp| Theor| Emp| Theor| Emp | Theor
1 10 |10.15| 9 | 9.16| 4 | 3.88| 10 |10.19| 20 | 19.89
2 7 |6.108) 8 | 736 | 4 | 434 8 | 7.01| 10 |10.87
3 3 1408 5 [528| 4 | 378 4 | 490| 8 | 6.66
4 3 1292 3 [380| 3 |312| 3 |356| 5 | 443
5 2 | 219 3 | 280 | 3 | 25| 3 |269| 2 | 312
6 2 | 170 2 | 210| 2 | 210 2 | 208 | 2 | 2229
7 1 | 136 2 |162| 2 | 174 2 |165| 2 | 1.73
8 1 | 111} 1 | 2126 1 | 145 1 1134 1 | 134
9 1 1092 1 |100| 1 | 121 11|110| 1 | 1.07
10 1 077 1 081 1 | 1.03 1091 1 0.86
11 1 066 1 066 1 | 0.88 1| 0.77
12 1 057 1 0.54 1 | 0.65
13 1 | 0.56
a=-0.5657 |a=0.0032 |a=0.4775 |a=-0.3196 | a =-0.6590
b =-0.2399 | b =-0.4600 | b =-0.4581 | b =-0.3163 | b = -0.3062
c =10.1450 ¢ =9.1608 | c =3.8839 |c =10.1906/ c =19.8919
R°=097 |R’=098 |R*’=0.96 |R*=0.97 |R°=0.99
Table 5.22
Rank-frequency distribution of predication motifsTiurkish
Rank T1 T2 T3 T4 T5
Emp | Theor| Emg Theor Emp Thepr Emp Theor Emp Th
1 30 | 2959 | 46 | 46.29| 59 | 58.81| 42 | 41.95| 55 | 54.29
2 14 | 16.65| 37 | 35.60| 31 | 32.14| 26 | 26.31| 19 | 24.24
3 14 | 10.79| 20 | 21.42| 21 | 19.93| 16 | 16.55| 19 | 14.70
4 7 760 | 11 | 12.75| 13 | 13.44| 14 | 10.93| 14 | 10.17
5 6 5.64 9 778 | 11 | 959| 7 | 755 | 8 7.59
6 6 4.36 5 4.90 9 | 7.13 3 | 540 | 6 5.95
7 4 3.46 4 3.19 4 | 5.47 3 1398 | 5 4.83
8 2 2.81 3 2.13 3 | 4.30 3 | 301 3 4.02
9 1 2.33 2 1.45 3 | 345 2 | 232 | 3 3.41
10 1 1.95 1 1.01 3| 281 2 | 1.82| 2 2.94
11 1 1.66 1 0.72 2 | 2.33 2 | 145| 2 2.57
12 1 1.43 1 0.52 2 | 1.95 2 | 117| 1 2.27
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13 1 1.24] 1] 038] 1] 165] 1] 095] 1 2.02
14 1 1.08| 1| 029| 1| 141| 1| 079 1 1.81
15 1| 022 1| 121| 1| 065 1 1.64
16 1| 016] 1| 12.05| 1| 055| 1 1.49
17 1] 092| 1| 046
18 1| 081| 1| 0.39
a=-0.6785 |a=0.1725 |a=-0.6788 |a=-0.3760 |a=-1.1192
b=-0.2180 |b=-0.7955 |b=-0.2785 |b=-0.4285 |b =-0.0640
c=29.5862 |c=46.2912 | c=58.8069 |c=41.9478 |c =54.2923
R?=0.97 R?=0.996 |R?=0.997 |R*=0.99 R’*=0.98

Since we used again the Zipf-Alekseev function,rilationshipb = f(a) is also a
straight line given in Table 5.23 and presenteglglly in Figure 5.3.

Table 5.23
Rank-frequency distribution of predication motifs
b=1(a) R?
Slovak b =-0.5334 — 0.4399*a 0.98
Croatian b=-0.4222 - 0.4776*a 0.88
German b=-0.2819 — 0.2523*a 0.74
Persian b=-0.5672 — 0.5310*a 0.99
Chinese b =-0.3708 — 0.2994*a 0.82
Hungarian b=-0.6675 - 0.5396*a 0.92
Odia b=-0.4372 -0.3243*a 0.98
Russian b =-0.3959 — 0.1869*a 0.70
Turkish =—-0.6661 — 0.5769*a 0.97
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0,5 45 texts in 9 languages, a and b parameters
b(a) = - 0,4969 - 0,4223*a ; R*= 0,8562
0,0 -
b

-0,5

'1 50 T i T g T v 1
-2 -1 0 1

a

Figure 5.3. Relation between the paramebeaada for the rank-frequency
function of predication motifs

The result shows that in all these analyzed langsidigere is a certain regularity
with very small deviations. Hence, we can conjexttitat behind this type of
motifs there is a mechanism which could — afteldyaag many other languages
— be considered a law.

In order to distinguish individual languages tleag presented separately
in Figure 5.4.

0.5 - 45 texts in 9 languages, a and b parameters

LINES
——SLOo
5 - - -CRO

0,0 -

-0,5-

-1 50 T X T J T T 1
-2 -1 0 1

Figure 5.4. Relation between the paramédbeanda for the rank-frequency
function of predication motifs with individual langges presented separately
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The <I,S> criterion can be applied here, too. Cainguthe individual
values we obtain the results presented in Tabke &@ Figure 5.5.

Table 5.24

Ord’s criterion and excess for rank-frequency dfividual texts
L anguage I S B
Slovak
T1 3.6838| 5.4294 | 3.9309
T2 2.6104| 4.9409| 5.2612
T3 3.2944| 5.2300| 4.5053
T4 3.6508| 5.5563 | 4.1777
T5 4.6938| 7.6764 | 4.7756
Croatian
T1 2.4495| 2.8150| 2.7833
T2 2.9943| 2.8501 | 2.3524
T3 2.7086| 5.0403| 4.7232
T4 3.1874| 5.3816 | 4.8325
T5 4.8428| 7.0445| 3.6051
German
T1 41970 6.0168| 4.1643
T2 3.4171] 6.1446| 5.9000
T3 3.8774) 5.3091 | 3.6862
T4 3.5340 5.0943| 3.8460
T5 3.2094 5.2544 | 4.5950
Persian
T1 5.5285 8.3597 | 4.7521
T2 5.5058 11.2897| 7.9873
T3 5.4784 9.1798 | 5.6081
T4 5.0232 9.7456 | 7.1328
T5 5.2234} 10.1538| 7.1589
Chinese
T1 7.2011] 10.8732| 4.8456
T2 6.3841 11.7762| 7.2866
T3 8.1601] 14.8837| 7.2004
T4 7.4363| 13.7358| 7.1550
T5 7.4237| 12.6462| 6.1925
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Hungarian
T1 2.3036| 3.7619 | 4.3562
T2 3.5360 5.1145| 3.7977
T3 2.9770 5.5105| 5.3631
T4 2.0670 3.7863| 4.6120
T5 2.2041 4.0423 | 4.9131
Odia
T1 3.7104] 6.1460| 4.5513
T2 2.0723 2.9941| 3.3545
T3 3.3371 4.9634 | 4.0545
T4 3.3680 5.5713| 4.7486
T5 4.2987] 6.6104 | 4.3424
Russian
T1 2.6457| 3.7038 | 3.3043
T2 2.3519 3.4414 | 3.3763
T3 1.7943 2.0021| 2.5924
T4 2.7656/ 3.8900 | 3.3558
T5 1.7785 3.2627 | 4.493%
Turkish
T1 2.4952 4.6462 | 5.3118
T2 2.7099 6.4079| 8.0923
T3 3.3614 6.8648 | 6.9929
T4 3.6768| 7.2797| 6.5644
T5 2.9582 5.6957 | 6.1252

15+ rank-frequency of predication motifs ®
of 45 texts in 9 languages e

10 o® *

L ]
S o ® ® . .o
5 ...¢0.° *
- L 4
®q o

0 . T T T 1

0 2 4 6 8 10

Figure 5.5. Ord’s criterion for the rank-frequenejation in individual
texts
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10 - rank-frequency of predication motifs
of 45 texts in 9 languages
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Ord's indicator S
Figure 5.6. Relation between S diydor the rank-frequency of motifs

The area of <8p> is wider, but its exact form can be scrutinizétbra
many languages have been analyzed. In any casenyecture that here some
background mechanisms are active.

In this way, it is possible to show that even thatifs of descriptiveness,
activity, nominality are linked with other propei of text, here length and
frequency. The research may concentrate on then§naf the control cycle (cf.
Kohler 2005) by scrutinizing further properties.oligh this would be a great
step toward theorizing, however, it would be pramato consider the results as
laws.

One could continue in scaling the predicativitesfication: all words
that determine in some way the adjectives or vertisld obtain degree 2, etc.
One would obtain the text as a sequence of numidgreessing various prop-
erties. Here we merely want to make a hint at ploissibility. In the same way,
one could study the valence of individual words boe would be forced to
restrict the study to individual texts and the walkes contained in it.

Without much effort one can use the tree-like gtrres or hierarchies
known from various branches of linguistics, e.camgmar, lexeme nets or de-
finition chains (cf. Sambor, Hammerl 1991). However definition chains
dictionary issues are analyzed, not sentencespietcould prepare all chains
and apply them. The top word obtains degree Opther ones the degree of the
level counted from above. In this way all wordsacfentence obtain a degree and
the sequence can be further analyzed.

Even the dependence structure of sentence caarsdrmed in a numer-
ical sequence. Write the sentence as a sequencpiangiach dependent word
with its main word using an arrow (main wot2 dependent word). The word
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Some further aspects

having no ingoing arrows has degree 0, the worgemiding directly on it have
degree 1, the words depending on the words of defjieave degree 2, etc. In
this way, the sentence obtains the form of a nuwaksgequence representing
dependence.

A quite different approach would be the scalinghoiminal, verbal and ad-
jectival classes from different points of view, tbe study of metaphoric, poetic
and rhetoric aspects of the given parts of spe&th Beliankou, Kohler,
Naumann 2013) or the whole sentences.

For typological purposes, one would be forced talye a great number
of texts taken from various text types in everyglaage. One would never obtain
a representative image even if one would analykeeats in a corpus. Each
corpus is restricted in some sense, e.g. histtyical dialectally, or does not
contain textsspoken by children, text of everyday conversation of mills of
people, etc. Hence, it is more expedient to redtie texts to a special text type.

The same holds for the historical study of languagaution. Comparing,
for example Latin texts with modern Spanish one® would be forced to find
texts of the same text type. Here etymology dodsptay any role, but certain
formal sequences may be created by a single aftinaspecial purposes and
cause differences.

The continuation of this study will be full of badsry conditions. As long
as one can do with one model, one should appBuit.if the fitting is not good,
i.e. a hypothesis has been falsified, one should hesitate to variegate the
formula by adding a new parameter in the diffesngiquation leading to the
Zipf-Alekseev formula. Originally we have

_a+blnx
cX

(5.2) L dx,
y

indicating that the relative rate of changeya$ proportional to the relative rate
of change ofx, that is, e.g. frequency depends on length. Thggtionality
function in the numerator represents the statdhefldanguage expressed by the
constanta which is usually modified by the requirements dondces of the
speaker, here expressed in form of a simple |dgard function (the speaker
cannot make drastic changes). The constantthe denominator represents the
equilibrating force of the hearer or of the comntynit is evident that boundary
conditions concerning language, text type, histbrepoch, etc. may be placed
symbolically in the above formula. In this wayigtto be hoped that after having
tested the Zipf-Alekseev formula in various dat@ @an approach a law. The
above differential equation is part of the unifigeory (cf. Wimmer, Altmann
2005) and may be helpful in the first steps. If @audels further functions in the
above formula, one should always substantiate theguaistically. Though we
avoid polynomials, we accept them if they are wetiunded.
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6. Conclusions

In the present book we have shown merely somesvistaa possible future
research. Though time series, autocorrelationtdlscFourier analysis, Hurst ex-
ponent, Lyapunov coefficients, Markov chains, ete well known methods,
they are helpful especially at the first steps efugential analysis: they yield
some characteristics of the examined sequencehéyido not offer an insight in
the linguistic background. They operate with reathde data, show the surface
mechanism, but not all of them explicate the meigmamn the background.

The linguistic background can be illuminated tlglbwa series of steps.
One can begin directly in the text and define ptioaty, grammatically, sem-
antically, lexically, etc. the entities. Then a jpeaty of the entities — whether
qualitative or quantitative — is defined and a hHinesis about its textual behavior
is formulated. If the property is quantitative sign of progress — then the hypo-
thesis can be derived from a common background,fem the unified theory
(cf. Wimmer, Altmann 2005), in which the necessaguirements and the forces
of the speaker and hearer are interpreted in thma & mathematical functions
and inserted into the basic formulas (cf. K6hle@2)0 Frequently, one applies an
inductive procedure, begins to search for modefdyapy software, but in the
end one must perform some necessary theoretiqad.sidne data which are the
result of our definitions may be improved, changeatiegated, and the hypo-
theses must be tested (even in the changed shatease of success one has
made the first step towards a theory. In case jettien one must again check
both the data and the hypothesis and make changa®ver it is necessary. It is
very important to be aware of the fact that dat raost given but created. Be-
sides, different boundary conditions may destroyodrerwise well functioning
theory.

Our recommendation is as follows: quantify as mprgperties as poss-
ible and express the text or its parts in the fofrmumerical or qualitative se-
quences. Here we strived for describing some raaglglyzed problems and
obtained at least partial results: some numeriwdicators and some theoretical
ones. There are sequential phenomena abiding sMdach are quite general in
language. Predication/specification in the senseudised here is only a special
case and may be deepened by quantifying the leVhl. means, the grammat-
ical analysis of a sentence may and should be Heahntinstead of trees and
dependency graphs one obtains the predicativefsiaimn structure of the
sentence in the form of a numerical sequence wtachbe processed in various
ways. One can perform a grammatical analysis, @&abgnalysis, a topic-
comment analysis which is perhaps the simplest way, In all cases one can
distinguish levels, e.g. main topic with degree, @mment of the first level = 1,
specifications within comment = 2, 3, 4,..., etc. &klese procedures are merely
aspects of the same problem, but all should bentake account. In going into
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Conclusions

the depth, at some point one finds a law in thenfof a formalized regularity
holding true for all languages.

The linguistic literature is full of various — setimes very detailed — clas-
sifications of the semantic aspect of individualravalasses. There are, for
example, semantic and grammatical classificationseobs in 10, 20 or 100
classes. But what is to do if the same verb isnglso polysemic and falls
simultaneously in different qualitative classes?eOnust be aware of the fact
that classifications are nothing but concept foromst. M. Bunge (1983: 17)
makes a distinction between a taxonomic and a ¢ftieat account. What is the
criterion of truth-likeness of a classification? Minof the 500 mechanical clas-
sification methods yields “the best” result? Nekekess, it is an important
activity because it helps us to find orientatiorour limitless concept-formation;
it is the first step in ordering the “state of thkairs”. But it is not the last. We
make the next steps if we show that the given ifleason is linked in some way
with other classifications, phenomena, conceptagffind therequirements (cf.
Kohler 2005) of the language community leadingxaatly the given state; if we
set up a derived mathematical model of the phenomevhich facilitates its
treatment mechanically and exactly; and finallywvé subsume the given model
under an existing theory. This way is long, or @etlimitless, just as in any other
science.

In dynamical systems, a classification means amnlyntuitive finding of
attractors. But attractors are seldom isolatediestithey care for self-regulation
which can be captured by control cycles. Self-oizmtion means the abandoning
of an attractor and finding a new one, a daily avsey in historical linguistics.

But all this just began to be studied because sbmehow associated with
elementary mathematics which affords us with thesfmlity of formal treatment
of our concepts.

Studying sequences, one will frequently meet iestithat “do not want”
to abide by any regularity. In that case one walfbrced to re-define the prob-
lem at several levels. The data (their measurenuami)oe inadequate, but most
probably there are some conditions not presenthardanguages. At this point
one must perhaps introduce a third variable, amdftlimulas, especially the
differential equations, will be more complex. Aing at this point, mathematics
will be necessary.
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Appendix
ANV Sequences
Slovak

T 1: SME 17.04.2015, Napétie v Ziline sa skéito. Teraz to za‘ina vriet’
inde.
[N,A,N,N,V,N,N,N,N,N,N,N,V,N,V,N,A,V,N,N,N,N,V,A,N,N,N,N,V,N,N,AN,
N,V,A,N,V,N,A,N,N,V,V,AN,V,N,N,A,N,N,N,A A,N,N,V,N,N,A,N,N,N,A N,
N,N,V,N,V,N,V,AN,A,N,V,N,A,V,A,N,N,V,N,N,A,A,N,N,V,N,AN,N,A A N,
AN,V,N,N,V,N,N,N,N,N,V,N,N,N,N,N,A,V,N,A,N,N,N,N,A,N,N,N,V,N,V A,
N,V,N,A,N,N,V,N,N,N,N,V,N,A,N,N,N,N,N,V,N,N,N,N,V,N,A,N,N,N,N,N,V,
N,V,A,N,N,V,V, A N,N,N,N,A,N,N,V,N,V,A,N,N,N,N,N,N,A,N,V,N,V,N,A N,
N,V]

T 2: SME 18.4. 2015: Liberali sa do volieb chystajgami, na kongrese o tak-
tike nerozhodnu
[AN,V,AAN,V,AN,N,V,NAN,N,N,N,N,V,N,N,N,N,V,N,N,V,N,N,V,N,N,N,
V,AN,N,V,N,N,V,N,N,N,N,V,N,A,N,N,V,V,N,V,N,V,V,N,N,V,V,V,N,V,A N,
V,AV,V,N,N,N,V,N,N,V,N,V,AN,N,V,N,N,N,N,V,N,A,N,N,A,N,N,V,A N,N,
N,V,V.N,V,AN,V.AN,AN,V,N,N,V, N,N,N,AN,V,N,V, AN AV,NNAN,V,
AN,V,N,V,N,V,V, A N,N,AN,AN,V,N,V,AN,V,ANA,V,NV,NV,AN,N,N,
V,N,V,A,N,N,A, AN ANAN,V,NV,N,V,AAN,N,VN,V,VANANN,V,N,
N,V,AV,V,V,NV,V,NV,V,AN,V,N,AN,N,N,AN,V,N,N,N,V,N,A,N,N,N,N,
V,AN,V,N,N,V,AN,V]

T 3: SME 18.4.2015 : Langerovéa jemnasneskryva, ziskala Styroch Andlov
[V,V,V,N,N,N,V,A A N,N,V,N,A,N,AAN,N,N,N,N,V,N,A,AN,N,V,N,A,N,N,
A N,A,N,N,N,N,V,AN,AN,V,V,N,N,V,V,N,N,N,N,V,V,N,V,N,V,N,N,V,N,N,
N,N,V,N,V,N,N,V,A,N,A,N,N,N,V,A,N,A,N,V,V,N,N,N,V,N,A,N,N,A,N,V,N,
N,N,V.A,AAV,NANAN,V,AN,V,NN,N,V,AN,V,NN,N,V,NN,N,N,N,V,
N,V,N,V,N,N,N,V,A,N,N,N,V,N,A,N,V,N,V,A,N,N,N,N,N,A,N,V,N,N,N,V,V,
A N,N,V,N,N,V,N,N,N,V,N,V,N,AV,NAV,V,N,N,V,N,N,V,N,AN,V,A AN,
AN,V,N, N,N,N,N,V,N,V,AN,N,N,N,V,A,N,A,N,N,V,N,N,N,V,N,N,N,N,N,V,
V,V,N,V,N,V,N,N,A,N,A,N,N,V,N,V,N,N,N,N,N,V,N,N]

T 4: SME 19.4.2015: Grécko dufa Ze ho zachrania nrdy z Ruska aCiny
[N,N,V,N,V,AN,N,A,N,N,N,V,A,N,V,N,A,N,N,N,N,V,N,V,N,N,V,N,A,N,N,V,
A N,N,V,N,N,N,N,N,V,N,N,A,N,N,N,N,V,A,N,N,N,V,N,V,N,N,V,A,N,N,N,V,
N,N,V,AAN,A A,N,N,N,V,A N,AN,AN,N,N,V,A,N,N,N,N,N,N,N,V,N,A,N,
A,N,N,A,N,V,N,N,V,N,A,N,N,N,V,N,N, N,N,V,N,N,V,N,V,N,V,N,N,A,N,A N,
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ANV Sequences

N,V,N,A,N,V,A,N,N,V,N,N,N,V,A,N,A,N,N,N,V,N,V,N,A,N,N,N,V,N,N,V A,
N,NJ;

T 5: SME 19.4.2015: Nespokojni postari demonstrovigpred ministerstvom
[N,N,N,N,A,N,V,N,N,A,N,V,N,N,N,N,N,A,A,N,A,A,N,V,N,N,N,N,V,AN,N,N,
V,N,V,AN,V,A,N,N,V,N,N,N,N,V,N,N,A,N,N,N,N,N,N,N,V,A,N,A,N,N,V,N,
V,AN,N,AJAV,N,V,N,N,V,N,N,V,AN,V,N,V,N\V,NV,V,AV,AN,V,AN,N,
V,V,A,V,N,N,N,V,V,N,A,N,N,N,A,N,N,N,N,V,A,N,A,N,N,V,V,N,V,AN,A N,
N,N,V,N,N,N,N,V,N,V,N,N,N,N,A,N,V,A,N,V,AN,V,N,N,V,N,V, AN ANV,
A N,AN,N,V,N,A,N,N,V,N,A,N,N.V,N,N,N,A,N,N,N,N,N,N,N,N,N,N,A,N,N,
N,V,AAN,V,N,V,AN,N,AJAN,N,N,N,V,N,N,N,N,N,V,N,V,AN,N,A N,V A,
N,N,N,N,N,V,N,A,N,N,N,V,N,V,A,N,N,N,N,V,N]

Hungarian

T 1. Magyar Online 20.4. 2015
[N,N,V,N,A,N,N,A,N,N,N,N,N,A,N,V,N,N,N,V,N,N,N,N,A,N,V,N.A N,A,N,V,
N,V,AN,A,N,V,N,V,N,N,A,N,N,V,N,N,A,N,V,N,N,V,A,N,AN,V,ANNAN,V,
A N,AN,N,V,AN,V,N,N,V,A,N,A AN,N,N,V,N,N,N,A,N,V,N,V,N,N,N,N,V,
N,V,N,A,N,V,N,N,N,N,V,V,N,N,N,V,N,N,N,V,N,N,N,N,V,V,A,N,N,N,V,A N,
V,N,V,N,V,V,AN,N,V,A,N,AN,V]

T 2: Magyar Online 20.4. 2015: A rendszervaltas gymekei
[N,V,AAN,V,AN,N,AN,N,N,AN,V,V,N,N,N,V,N,N,AN,N,V,V,AN,NA A,
V,AN,N,N,V,N,A,N,A,N,N,A,N,A,N,N,A,N,N,N,N,A,N,V,AN,A,N,AN,N,N,
N,V,A,N,N,N,N,N,V,A,N,A,N,N,N,N,A,N,N,V,N,AA,V,N,AN,N,V,N,AN,N,
N,N,V,A,N,N,N,N,N,V,N,N,N,V,A,N,A,N,N,N,V,N,N,V,N,A,N,N,A,N,N,N,V,
N,A,N,A,N,AN,V,N,N A V,V,N,N,AN,V,V.A NN ANNAV,NV,AANA,
AAANANANAN,N,N,V,N,NAAANNAANNAANANAAN,N,
N]

T 3: Magyar Online 20.4. 2015: Kormanyellenes tintest tartottak Buda-
pesten
[N,N,N,A,A,N,N,N,A,N,A,V.N,V,N,N,V,N,V,N,N,V,AN,A,N,V,N,A N,N,V,N,
V,ALAANN,V,V,N,N,N,V,AN,N,N,N,V,N,AN,N,AN,V,A N,V A ANA N,
V,N,N,N,A,N,N,V,N,V,N,A,N,A,N,A,N,N,V,AN,V,AN,AAN,N,N,V,N,N,N,
N,N,N,V,V,N,N,N,A,N,N,N,N,N,N,V,N,N,N,N,N,N,V,V,V,N,N,N,A;N,A,N,N,
V,N,V,N,V,N,N,V,N,N,V,N,N,N,V,V,V,N,N,N,V,N,A,N,N,A,N,V,N,V,N,V,N,
V,A,N,N,V,N,N,V,N,V,V,N,N,N,A A, AN,V,N,V,N,V,N,N,N,A,N,V,N,N,N A,
N,N,N,V,N,N,A,N]
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T 4: Magyar Online 20.4. 2015: A jov6 héten melegi az ido
[N,N,A,N,A,N,V,AAN,AN,V,AV,N,AN,NAAN,NN,N,N,N,V,AN,N,V,N,
N,A,N,N,N,N,V.N.N,V,N,N,N,A,N,A,N,A,N,N,N,N,V,N,N,A,N,N,V,N,N,A,N,
N,A,AN,V,N,N,N,V,N,V,N,A,N,N,A,N,A,N,A,N,N,N,V,N,N,A,N,N,V,N,V A,
A N,AN,N,N,N,V,AN,N,V.,A,N,AN,V,N,AN,N,V,N,N,V,N,N,A,N,N,N,V A,
N,A,N,N,V,V,N,A,N,N,V,N,N,A,V,N,N,N,N,A,AN,V,A,N,N,N,N,V,N,N AV,
N,A,N,N,V,N,V,N,A,N]

T 5: Magyar Online 20.4. 2015: Vasarnapi pihendnap MSZP: a balatoni
Uzletek a szezonban vasarnap is lehessenek nyitva!
[N,V,N,V,N,A,N,N,A,AN,V,A,N,A,N,N,N,N,V,N,V,N,AN,V,V,A ANAN,N,
AN,AAN,N,ANN,V,V,N A NAN,N,V,V,ANNAN,V,NAANN,N,V,N,
AN,V,N,A,N,N,V,N,N,V,AN,N,N,V,A /A N,V,N,V,ANAV,NNAV,ANA,
V,V,N,AN,V,V,V.ANANV,ANANNANNNVVAVANNANVA,
N,V,A,N,V,N,A,N,A,N,N,N,A,N,N,V,AN,A,N,AV,N,V,AN,N,N,N,AN,V N,
A,N,N,N,AN,V,AN,V,V,N,V,N,N,A A, N,N,V,N,N,N,N,A,N,A,N,N,A,N,N,V,
A,N,N,A,N,N,A,AN,N,N,A,N,A,N,V,AN]

Croatian

All texts from http://www.jutarnji.hr

T 1: 17. April 2015, Tko je voda napada na kové&a
[V,N,N,N,N,V,N,N,N,V,N,V,N,N,N,N,N,N,N,N,V,N,A,N,N,V,N,N,AV,N,V A,
N,N,N,N,V,N,N,V,N,N,N,N,N,N,A,N,V,N,V,V,V,N,N,V,N,V,V,V,N,V,N,V N,
AN,V,N,N,N,N,V,N,V,N,N,V,V,N,V,V,N,N,V.N,V,V,N,V,N,ANN,V,V,N,V,
N,N,N,N,NGNSNGNLVONGNLNGNGN NG NGNNGNGNNGNGNGNGNLNGNLY VNV VA,
N,N,V,N,N,N,A,N,N,V,N,N,N,N]

T 2: 17. April 2015, Ugledni ¢asopis The Economist objavio je tekst o
‘balkanskim ratnicima u inozemstvu,’
[N,AN,N,V,N,AN,N,V,N,N,N,N,N,V,V,N,N,N,N,N,N,V,N,N,V,N,N,N,N,A,N,
N,N,N,N,V,N,N,N,V,N,V,N,N,N,N,N,V,V,V,A,N,N,N,N,N,V,N,N,N,N,A,N,V,
N,N,N,V,N,V,A,N,N,N,N,V,V,V,N,V,A AN,V,V,N,V,N,N,N,N,N,N,V,N,N,N,
N,N,N,N,V,N,N,N,N,V,N,V,N,N,V,V,N,N,N,N,N,N]

T 3: 17. April 2017, Dozivjeli Sol na sprovodu
[V,N,N,V,N,V,N,AN,V,V,N,V,N,N,N,N,AN,V,V,N,A A,N,N,AN,V,AN,A,N.
N,A,N,N,V,N,V,N,N,N,N,V,N,V,A,N,N,N,V,N,N,N,A,N,N,V,V,V,N,A,N,N,N,
N,N,V,V,N,V,A,A,AN,N,V,V,N,V,N,N,V,N,V,V,N,N,V,AN,AN,N,AN,N,V,
V,N,V,N,V,AN,N,V,N,N,N,A,N,V,V,AN,N,N,N,V,AN,A,AN,V,V,N,N,N,V,
N,V,N,N,V,N,V,N,N,V,V. A V,N,V,AN,N,AN,N,A,V,N,N,AN,NAN,V,V .V,
A N,N,N,N,N,V,N,N,A,AN,V,N,N,VT;

104



ANV Sequences

T 4: 20.April 2015, Gr¢ié i Lalovac predstavili mjere uSteda
[N,N,V,N,N,V,A,N,N,V,N,N,N,V,A N,N,N,N,N,N,N,A,N,N,A,N,N,N,N,N,N,A,
N,V,N,N,N,N,A,N,V,N,AN,V,V,N,V,N,N,N,V,N,A,N,V,N,V,N,N,A,N,V,N,N,
N,A,AN,AN,V,N,N,N,V,N,V,V,A,N,N,V,N,V,AN,A,N,A,N,N,N,N,V,N,N,V,
N,N,V,N,V,V,N,N,N,N,V,N,N,V,N,N,N,A,N,N,V,A,N,N,N,A,N,N,N,N,N,N,N,
V,ANA N,N,N,N,N,V,N,N,NLA N,V N,N,ANAN,N,V,A,N,N,N,N,N,N,N,N,
N,V,N,N,N,N,N,V,N,N,V.A,V,N,V,N,V,A,N,N,A,N,V,N,N,V,N,V,N,N,N,N,N,
A,N,N,N,N,N,V,A,N,N,N,N,N,N,A,N,N,V,N,V,N,N,V,N,N,N,V,N,N,V,A,N,N,
N,N,N,V,N,V,A,N,N,V,N,A,N,N,N,V,V,N,N,N,A,N,N,N,N,N,V,N,N,A,N,V A,
N,N,N,V,N,A,N,V,N,A,N,V, AN AN,V,NV,AN,V,NV,NNV,ANV,V AN,
N,N,N,A,N,N,V,N,N,N,N,N,V,N,N,N,A,N,V,N,N,N]

T 5: 24. April 2015, Sto za vas zn& Amerika?
[V,N,V,A,N,V,N,N,V,A,N,N,N,N,AN,N,N,N,V,N,V.A,N,N,N,A,A,N,N,N,N,A,
N,N,N,V,N,N,N,N,V,N,A,N,V,A,N,N,V,N,N,V,N,N,A, A N,N,V,N,N,N,N,N,N,
AN,N,N,N,V,V.AN,N,N,V,N,N,A ANV, VN V,AN,V,NANNN,NNAN,
AN,N,N,N,N,N,N,N,NLA N, VNV, N VNN NLA N NG NLACNL Y, NGNGNGNL VLY,
N,V,V,V,V.V,N,N,V,N,V,V.V,N,N,N,N,V,N,V,N,N,N,V,A,A,N,N,N,V,N,N,N,
V.,V,N,N,N,N,N,N,N,V,N,N,N,V,N,N,N,N,V,V,N,N,V,N,N,N,N,N,V,AN,V.V,
N,N,V,N,N,N,A,N,N,N,N,N,N,N,N,NN,V,A,N,N,N,N,A,N,N,N,N,N,AN,N,V,
AN,N,N,N,V,N,N,N,N,A,N,N,N,N,N,N,N]J

Chinese

T 1: Multiple images of local officials - a hot isge in the political science in
recent years (From Beijing Daily April 20,2015)
[N,V,N,V,N,N,N,N,N,N,N,V,N,N,V,V,V,N,V,N,N,N,N,V,N,A,N,V,V,N,V,N,N,
N,V,V,N,N,N,N,N,V,N,V,N,N,V,N,N,V,A,N,N,N,N,N,V,V,V,N,V,V,N,N,A N,
V,V,V,N,V,N,V,N,V,V,N,A,N,N,N,V,V,V,V,N,N,N,N,V,V,N,N,N,V,N,N,V N,
N,V,V,N,AV,ANNANV,V,NNAVAVAVVVVNNNNVVVANA,
A,N,N,N,N,N,N,V,N,N,A,N,A,N,N,N,N,N,N,N,V,N,N,N,V,N,N,A,N,N,N,N,N,
N,V,N,V,N,V,V,N,V,N,N,V,N,N,N,V,N,A;N,V,V,V,V,N,N,V,N,V,V,N,N,N A,
N,N,A,N,N,AV,V,V,N,N,N,N,N,N,N,N,A,V,N,N,N,N,V,N,V,V,N,N,N,N,N,N,
N,N,N,V,N,N,N,N,N,V,N,V,N,V,V,N,N,N,N,V,V,N,V, ANV A/AVVAAV,
V,V,V,NV,V,V,V.ANV,NNNV,NVAVNNVAVNVVVANANN,
ANN,V,V,V,NV,V,NV VNNV, V,NN,V,V,ANN,V,N,N,V,N,V,N,N,N,N,
V,N,N,N,V,V,A,N,N,A,N,V,N,N,V,N,N,V,N,N,N,N,N,N,V,N,N,V,V,N,V,N,N,
N,V,N,N,N.V,V.NV,VVAV,VNV,VVVAVNVNN,NVANNVAN,
V,N,N,N,V,N,V,V,V,AN,N,N,N,V,N,N,N,V,V,V,V,N,N,N,N,N,N,V,V VAN,
N,N,N,V,N,V,V,V,N,V,N,V,V,N,N,N,A,V,N,N,V,N,N,V,AV,N,N,V,AN,N,V,
N,A,N,N,N,N,N,N,N,V,A,N,N,V,N,N,N,N,V,V,N,N,N,V,V,N,N,N,N,V,N,V N,
V,V,N,N,V,N,N,N,N,V,V,N,N,N,V,V,V,V,N,N,N,N,N,N,V,V,N,N,N,N,V,V,V,
V,N,N,V,N,N,N,N,N,N,N,N,V,N,N,N,V,N,N,V,N,V,N,V,N,N,V,V,V,V,N,V N,
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V., V,V.N,V,N,N,V,V,N,N,V,V,N,V,N,N,V,N,V,N,V,N,N,V,V,N,N,V,AN,V, A,
V,N,N,N,V,A,N,N,V,N,N,N,N,N,N,A;N.,A,N,A,V,N,V,N,V,N]

T 2: Can Internet+ make the wedding consumption mog transparent?
(From Consumer Daily April 15, 2015)
[N,V,V,N,V,V,ANNN,V,ANV,VNV,NV,NA,V,NV,NN,NANN,V,AN,N,
V,N,V,N,V,N,N,V,N,N,N V.,V V,V V,V,NV,V,VANN,\V,ANNVV,NN,N,
V,N,V,N,V,A,N,AN,V,N,NV,VNV,V,NV,NAVNVVAVVVNAVYV,
V,N,V,V,V,ANNNV,V,V,V,NNN,V,NAAV,VNVNVNVVNVVYV,
V,N,ANJANN,V,V.NV,VVNV,NV,NNV,V,AV,NN,\V,NNV,NV,V NV,
A,N,N,N,N,V,V,A V,N,N,N,V,AN,N,N,V,N,N,V,V,V,V,V,NV,N,V,N,N,V,N,
N,N,V,N,V,V,N,V,V,V,N,V,V,NV,V,V,N,V,N,V,N,N,V,V,N,V,N,V,N,V,N,V,
AV,VV,VV,NAV,NNV,NVNNV,VV,NNN,N,VNV,ANNNYVVN,
V,N,N,V,N,N,V,V.N,V,N,V,V,NV,AV,N,V,N,V,A,AN,N,N,N,N,N,V,N,V A,
N,N,V,N,V,V,V,V,N,N,V,V,N,N,V,V,N,V,N,N,V,N,V,N,N,V,N,AN,V,N,N,V,
V,N,N,N,V,V.,AN,V,V,N,V,V,N A N,AV,N,N,N,N,N,V,N,AN,V,V,N,N,N,V,
N,N,N,V,N,AN,V,V,AV,N,V,N,N,V,N,V,N,N,V,V,V,N,N,N,N,V,V,N,V,N,N,
V,N,N,V,V,V.N,AV,V,ANV,NN,V,N,NV,NV,NV,NV,NV,NN,V,NN,V,
N,N,N,N,V,N,V,N,V,N,N,V,V,V,V,N,N,V,V,N,V,N,V,V,V,AN,N,V,V,N,V N,
V,N,N,V,V,V,V,V.N,N,N,V,A,N,N,N,N,N,N,V,V,N,V,N,V,NV,V V,V,NV N,
AAV\V,AV,V,NNNVVNAVVAVNNVNNNVNVVNNNVYV,
N,V,V,N,V,N\V.NAV,AVV,NV,V,NAAVNNVNAV,VNNNVN)YV,
NV,VVAVVNVVVANVNVVAVNVANNNNNYVVNNAYV,
N,V,N,N,N,V,N,V,N,V,N,N,A,N,A,N,V,N,V,N,V,V,N,V,N,V,N,V,N,N,N,V N,
N,N,V,V,N,N,N,N,V,N,A,V,V,N,N,N,V,V,V,V.N,V,N,V,N,N,N,AV,N,N,N,V,
V,AN,N,V,N,AV,V,V,N,N,N,N,V,V,N,V,N,V,NV,N NV AV NAVV V.V,
V,N,V,V,N,N,N,N,V,N,V,V,N,V,N,V,N,N,N,N,V,N,V,A,N,V,N,N,N,V,N,N,V,
V,N,AV,N,N,V,NANNVAVNNVVVVVVVVVVVNVVNNYV,
N,V,N,N,V,N,V,N,V,A/N,V,N,V,N,V,V,V,V,AV,N,N,N,V,N,N,N,N,N,V,N,V,
N,N,N,N,V,N,N,N,N,V,V,N,V,N,V.N,V.NVVV NV, AV,VNV,V NV V)V,
N,N,N,AV,V,N,V,V,N,N,V,N,N,AN,V,V,N\V,NV.AN,V,V,NV,NV,V,NV,
AV.,V,V,VNV,V,N,NV,NV,NNN,NAV,V,NV,NV,NNANNVNV\V,
V,N,N,N,N,N,V,N,N,N,V,AN,V,V,V,N,N,N,A,N,N,N,AV,N,V,V,N,N,N,N A,
N,V,V,N,V.V,N,AN,V,V,N,A,N,N,V,V,N,N,N,N,N,V,V,AV,N,N,N,N A V)V,
V,N,A,V,N,N,N,V,N,N,V,V,V,AN,N,V,V,V,N,N,NV,V,V,N,N,V,AV,AN,N,
N,V,N,N,N,N,V,N,V,V,N,N,V,N,V,V,AN,V,V,N,N,N,V,V,V,V,V,N,N,V,V N,
AN,V,N,V,V,N,N,N,V,V,NV V,AN,V,N,N,V,V,N,N,V,V,AN]

T 3: Those people who illegally built shantytownsn the air become power-
less - "limit down" verdict will be issued today, and demolitions will be
started in mid May (From Beijing Daily April 17, 2015)
[V.V,V,V.,NNV,V,V,V,NNV,NN,NN,N,VV,V,NVVNV,NN,N,N,N,N,N,
V,AN,V,N,N,V,N\V,N,V,VNV,VV,V,V,NN,V,NV,V,ANN,V,NV,V,VN,
VVVNNVVNVVVVVVNVVVVNVVVAVNVNNNVNYV,
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ANV VVVVNVNVNVNNVVNVVVVNNNNNNNYVNVYV,
V., V,N,V,N,N,N,N,V,N,N,N,N,N,V,N,V,N,N,N,V,N,N,N,V,V,N,V,N,AN,N,N,
V,V,V,NVNVAV,VNNNNVVVNVVANVVVVVNAVNVYV,
N,NLNGNGNGNGNSNSNGNGV AN NN NV VINNGNGNGNGNG NNV VINCNGNGNGN,
N,N,N,N,N,N,N,N,V,N,V,N,V,N,AV,V,V,V,N,N,V,N,N,N,V,N,N,NV,V V.V,
V,V,NVVV,V,NAVNVVNNV,VNV,NN,V,NNN\V,V,NV,NVVN,
N,N,N,V,N,V,V,N,V,V.N,N,V,NV,NVV.NV,V.NV.NVV NV V.V V. VYV,
V,N,V,V,V,N,N,N,N,V,N,V,V,N,N,V,V,V,NV,N,N,V,N,V,V,N,N,N,V,V,N,V,
V,V,N,N,V,V,V,VVNV,NNVAVNN,VVNNVVVVVVNNVVN,
V,V,V,NJV,N,N,N,V,V,N,V,NV,VN,N,V,N,V,V,NV,V,V,NN,N,V,AV,V N,
N,V,V,V,V,NAV,N,NV,N,V,V,V,NNV,V,NV,V,N,N,N,V,NV,N,N,V,N,V,
N,N,N,N,V,V,V,V,N,V,N,V,N,N,N,V,N,N,N,V,N,V,V,V,N,N,V,N,N,N,V,N,V,
V,V,N,N,N,N,V,V,V.N,V,NV,NVNA,V,NV,NV,NVV,NV,V,VNVN,N,
NA,V,V,NV,V,V,V,V,N,N,N,N,N,V,V,V,N,N,V,V,N,V,V,N,N,V,N,V,N,V,N,
N,V,V,.N,A,N,N,V,N,V,N,V,N,V,N,V,V,N,NV,V.NVNV,VV.NNV,V, V.V,
N,V,N,V,V,N,V,N,V,V,N,V,V,V,N,N,N,N,N,V,N,N,N,N,N,N,N,N,N,N,N,N;,N,
N,N,V,V,N,V,V,V.N,V,NAV,V,ANN,N,V,V,V,N,N,N,N,N,N,N,V,V,V,V N,
N,ALAN,N,N,V,N,V,V.AN,V,V,VVNNNN,VAN,VV,NVVANN,VA,
N,N,V,V,V,NV, V.V VNV V,NVVVNVNAVNNV,NNNN,NVVN,
N,V,N,NV,NVVVNVVVNVVVVVVVVNVNVVVNNNYVN,
V,N,V,N,V,N,N,V,V,N,N,N,V,N,N,N,V,V,N,N,A,V,V,AN,V,V,V,V,V,NAA,
N,ANN,V,VV ANV N\V,NVNVVANVVNVNNVNVNVVVVYV,
N,V,N,V,N,V,V.N,V,V,V,V,N,N,V,N,N,N,V,NV, VNV V.V NV VNV VYV,
V,V,N,N,V,V,NV,VV V.V, V,NNV]

T 4: The reforms ofthe burial customs inHainan: the comfort for the living
people and the dignity for the dead (FrontChina SocietyApril 14, 2015)

[N,N,V,V,V,V,V,V,N,N,N,N,N,NV,V,VAV,NV,NV,V,NNNNVNVVYV,
N,N,V,N,V,V,N,N,N,N,V,V,N,N,V,N,V,V,N,AN,V,N,N,V,V,NNV,V AV,
N,N,N,V,V,N,N,N,V,V .V, AV,AN,N,N,V,N,N,V,N,N,V,V,N,N,V,N,N,N,N,N,
V,N,A,V,N,N,V,N,N,N,N,N,V,N,N,N,V,N,N,N,N,N,A,N,V,A,N,N,N,N,A AN,
V,N,N,N,N,N,V,AV,V,N,N,V,N,N,N,N,N,N,N,N,N,N,N,N,N,N,N,V,N,N,N,V,
V,N,N,V,V,V,V,N,V,N,V,N,A/AV,NN,V,N,V,N,V,N,N,N,V,N,V,VNV,V N,
V.NVV,VVNVAVAVVVYVVNVNNVNVVNNNNNVANA,
V,V,N,N,V,NAV.NV,NV,V,NV NV,VVANV,V,NNV,VNVANV,V,
N,N,V,N,N,V,V,N,N,V,V,V,N,N,V,N,N,N,N,V,N,N,N,V,N,N,V,N,V,V,N,V,V,
N,A,N,V,N,N,V,N,N,V,N,N,V,V,V,N,V,N,N,N A V,N,V,AN,N,V,V,AV,N,N,
N,N,V,AN,V,V,N,N,N,V,AV,N,V,V,N,N,V,V,N,V,N,V,N,N,N,V,V,NAN,V,
V,V,V,N,N,V,V,AN,N,N,V,N,V,N,AV,V,N,N,N,N,N,N,N,N,V,V,N,N,N,V,V,
N,N,V,V,N,V,V,N,V,N,N,N,V,A,N,V,N,N,N,V,N,N,V,N,V,V,N,N,V,A ANV,
V,V,N,V,AN,N,N,N,V,N,V,V,N A V,N,N,N,V,V,V,V,V,N,V,N,N,V,N,N,N A,
V,V,V,V,N,ANV,NV,NVANAVVNANNVVNVNNYVVVVNYV,
N,V,V,V,V,N,V,N,V,N,N,N,N,A,N,V,N,V,N,N,V,N,V,V,N,N,N,V,N,V,N,N,N,
N,N,N,N,A,N,N,N,V,N,V,N,N,N,V,N,N,N,V,N,V,V,N,V,V,N,V,V,N,V,N,N,N,
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V.,V,N,V,V,N,N,N,V,N,V,V,V,V,N,N,V,N,V,V,N,V,N,N,N,V,N,V,N,N,N,N;,N,
N,V,N,N,V,N,N,V,N,V,V,V,N,N,N,N,N,V,V V.,V V,NN,V,V,N,V,N,N,V,N,V,
N,N,V,A,AN,N,V,N,N,N,V,N,N,N,V,N,N,V,V,V,N,N,N,V,N,N,N,V,AN,N,V,
V,V,N,N,V,N,V,V,N,N,A,V,V,V,V,V,N,N,N,V,N,N,N,V,V,N,V,N,N,N,N,N,N,
VVAVNVVNVNNVVANVVVAVVNNVNNVAVNVVYV,
N,V,N,N,N,V,V,V,N,N,N,N,N,V,V,AV,N,N,N,N,V,N,N,N,N,N,N,N,N,V,N,N,
V,NL,N,NSNSNSNGNGNGNGNGNG NN VNV NGNGNLGY VNNV VL ACNCNLACNNLY,
V,N,N,V,V,N,N,N,N,N. A/ A /A ANV,V,V,NV,NVVVVVNNVNNNA,
V., V,N,N,N,V.A,V,N,N,N,N,V,N,N,A,V,N,V,N,V,N,V,N,N,A/AV,V,AN,V,N,
V,V,N,N,V,N,V,N,N,N,A,AV,NVAV,V,V,NNVV,NAVANNVAVN,
N,V,N,N,V,V,N,V,N,N,V,N,V,N,N,V,N,N,V,V,N,V,N,N,V,N,V,N,N,V,V,N,V,
N,A,V,N,V,N,V,N,V,N,V,N,N,V,N,N,V,N,N,N,V,V,N,AN]

T 5: The Central Bank of China has decided to dropghe deposit reserve of
residents for 1 percentage point, with the aim to tabilize the economic
growth (From Beijing Daily April 20, 2015)
[N,V,N,V,V,V,N,V,N,N,N,N,N,V,N,N,N,V,V,N,N,N,N,N,N,N,V,N,N,V,V,N,V,
AANNAN,V,VNV,NV,NNVVNVVNNVVNVNVVNVVVN,
N,A,N,NV.NVANVVVVVAVVVVVVVNNVVNNNVAVN,
N,V,V,N,N,V,V,N,V,N,N,V,V,AV,V,V,V,NV,V N,V,N,N,N,V,N,V,V,N,N,V,
N,N,V,N,N,N,N,N,V,N,N,N,A,V,N,V,N,N,N,N,N,N,N,V,N,V,N,N,N,V,A,V N,
N,A,A,N,N,V,N,V,N,N,N,N,V,V,N,N,V,N,N,N,N,V,V,N,V,N,V,N,N,V,N,V,V,
N,N,N,V,N,N,V,N,N,N,V,N,N,V,N,V,N,N,N,V,N,N,N,V,AV,N,N,N,A,V,N,V,
V,V,N,V,N,N,V,N,V,V,N,N,V,N,A /A N,V,N,V,V,V,V,V,N,V,N,N,N,V,N,N,N,
V\V,VV,VNAV,VNVYVNVNAVVVVNNVNNV,NNNNNN,N,
V,N,N,N,N,V,V,V.N,V,N,N,N,N,V,N,N,N,N,V,V,N,N,V,N,N,V,V,NV,N,V,V,
N,V,V,V,.N,V,N,N,N,N,N,V,V,N,N,V,V,N,V,N,V,N,V,V,N,N,V,N,N,N,V,N,V,
V,N.V,N.NVVVNVAVVVVVNVVVAVVVVNVNVNNVN,
V,N,N,V,V,N,V,V,N,N,N,V,V,N,N.V,V,V,N,V,V,N,N,N,V,N,V,V,V,V,N,N,N,
V,N,N,N,V,N,V,V.N,V,AV,V,N,N,N,V,AV,N,V,N,V,N,A,N,N,N,N,V,N,N,N,
V,N,V,V,N)N,V,V,V,AV,NN,NV,NVAV,VNVNVYVVVNVVNNA,
NVVNVVAVAVVVAVAVVVAVAVNVNVNNVNVVYV,
V,N,N,V,V,N,N,N,N,V,V,V,N,N,V,N,V,V,N,V,N,N,V,N,N,N,V,V,V,V,N,N,N,
VV,VVAVNVVVNNAVVNNNNVVVVNNVVVVNVVYV,
NV,AV,VVNVNVVNVVAVVAVVVNANVVVANVNNN,
N,N,N,V,N,N,V,V,N,V,N,N,N,V,N,V,N,V,N,V,N,V,V,N,V,N,V,N,N,V,N,V A,
V,AV,V,V,NNNV,V,V,NV,NNNV,VVVVVNVNVVNVVVVN,
V,AV,N,V,N,N,V,V,V,N,AV,N,N,N,V,N,N,V,N,V,N,N,V,V,AV,NV,V,N,N,
N,V,V,N,V,N,N,V,N,V,N,V,N,V,N,N,V,V,N,A,V,N,V,A,V,N,N,N, AN AN,V,
N,V,V,V,N]
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Persian

T 1. 04.04.2015
Brzezinski warned republicans criticizing Lausanneagreement
Olsd palid Wil glal s86ysgar 4 Swdojsm ol s .

[N,NGNLAGNGNLNLNNCNLVINGALNLA NN, NG NGALN,NGNGNL VNG NGNCNL YNNG NLA LY
NGNGNGNGNGNGNGALNGN,NGNGNNGNGN,NGNLG VNN NGV NGA N NGN N NGANGN,
N,V,A\V,V,N,AV,V,N,N,A,VN,N,NAN,VNA NN A V,N,N,A A VN NN, NN,
N,V,NLACNLACN NN,V NGNLANLANLA VN NGNL VLV NGA LY NLCA VLV NGN NN Y
N,AV,V,V,N,NAN,NANAN,N,NAVAVV,NANANNAVNANAAA,
N,AAN,V,N,V,N,N A V,N,AN,N,VAV,VN,N,N,VAAVNVVN,N,VNNAN
N,N,V,NLACN,NLVN VNGV N NLA VNGV NLALVNLA VLA VNGNLVNGNNLGVNN,
N,N,V,N,A,N,V,V,N,A,N,N,N,N,V,V,N,N,N,A,A;N,A,V,N,N,N,V,N,N,VN,AV,N,
N,N,A,V,V,N,V,N,V,N,V,N,V,V,N,N,V,N,N,N,N,N,N,A,N,V,N,N,N,N,N,N,N,N,N,
N,V,N,N,N,A,N,N,A A V,N,N,N,V,N,A,N,N,N,A,N,A,N,V,N AAN,N,AV, VN,
ANANN,N,N,NA VNN ANA VN AN NA VNN,V NN, NN NN A ANV
NGNGNGNGNGNGNGNLAGNNGNGNGNGNGNLG ANV NN NGNGNNGNG N NGNGNL VNG NGN,
N,V,N,N,NCACNNGNGNNGNLG VNN NLANLNL VL VNGV NN NGNGNNGNLG VN NG NGN
NCACANGNNGNLALALNLANGNLANCANL VL VAN NG NCANGNLVYNGNNGNLACNLY,
N,N,N,AN,N,N,N,V,AN,AJAN,V,N,N,N,A,V,N,NANA,V,NAVAN,N,N,NA
VINGNL VN NGNCALVNLVY NLALA ALY NLA N NGA N NN VN NGNGNLVINGNGNNGN
NSNGNCACNCACNLVINGA NN, NGNLNGA LY NGNLANLVNGNGNGNGNNGA AN VAN,
NLA,V,NLA NN, NG VN NGNGNGACNL VNN NG NG AN NGNNGNLCAGN,NGNLA N NGA,
N,V,N,N,A,N,N,N,A,N,V,V AN A,N,NA,N,N,V,V,N,N,N,N,VANA VA NA,N,
ANCANGNNGNGNNGNGN VA NN N NGANC NNV NLALANL VN NGNNGNGNL VA,
NLNSNGNSNGNCANCVNGNCANGNNLANLA NG VN NLANLALNGNLNLGANNGN,NGN,
N,N,V,N,A NN, N NGNS NCNGN NGV NGV NGV INGALACNL VN NGNGNLA LY NGN N NN,
NLA,N,N,N,N,N,N,N,N,A,N,A V]

T 2:14.04.2015
Successful diplomacy was indebted to empathy and ropassion of public
and authorities

S92 g¥sdwar 9 po (Plades g Hhar (saw wladgoo

.

- .
1«1043_0 2

[N,NGNGANGACNNGNGNGNGANGNNGNGNGNNGNCANGNGNLNLVNGNGN,NGNGNL NN,
NLNGNSNGNGNGNGANLNGNNGNGVLAN,NGNG N NGNL VN NGNGNLALYNGN NG NG VNN,
ANNANNNA VAV NANN,NAN,NAV,N,N,N,N,NAN,V,N,AANNA,
N,NSNGNLASNLVNGNLALACNNGNGNGNNGNLVINGNNGNLALA ALV VN NLA NGNLAN,
ANAANNANN,V,N,VANN,N,N,NNA VN NN, NLACN, VN NN N NLA N,
N,A VA V,N,N,N, VAN AN,V,N,NA VN A V,N,N,NAAN,NANNANA,V,

V,N,NSNSACNNCANG N NLAACN, NGNL NGA LY NGNL NGV NLANLANCNLA LY NGNGNLY,
N,A,N,V,N,N,AV,N,N,N,V,N,N,A,N,A,N,N,N,N,N,N,V,V, A V,N,N,N,N,N,N,N,V,

N,N,ANLA VN NLA N A AN NLANA AN N NN NA VAN NAN,N,AN,N
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VINLALA NG NLACN NGV VA NLA NNV NGNLANLY NGA L NLA LY NGNCA NN VNN,
ANN,AN,NAN,V,V,N,AANANA N,N,N,N,VNANAANAVVNANN,
AN,N,V,N,V,N,A AN,V AV, AN,N,V,V,N,N,V,N,AN,N,V,N,AN,NA VA N,N,V
V,N,N,A AN A VN AAN,V,N,N,NAN,VANNAN,VVNANVANNA,Y,
N,N,V,N,V,A NN, NGNS NGNGNGNCNGNGN, NGV NGNGN NGV ANCNL VY NLA NV VN,
AN,AV,N,V,N,N,N,A,N,N,A,N,A,V,N,A/AN,V,N,VN,N,VNANAAVNNA,
N,NLALAN,AN,VN, VN,V A V,N,N,N,V,N,NJA VA N,N,V,N,VVN,AN,NA A,
AAV,N,AN,V,N,VANNAN,N,V,NNAVNV,NVNAAVNNVNAAN,
AVANANNAVVNNVNANNANANVNNAVNAVVNAV]

T 3: 08.04.2015
Technical options of comprehensive agreement haveén found

Cwl ol poriin gol> @81 o3 A sladio)s . 3

[N,NGNGNGNGNGNGNGNGNGNNGALALNLAGNL N NGNGN,NGNG VNN NGNGNNGNGNL NN,
NLNLAGNNGALNGNGNGNGNGNGNLACN VNN ANV NLAALA NG NLALY N AN NCA N
NONGAACN,NGNLANLALACNNC NNV ALVNLVYINGNGANGNNGNNGANGNLACNL VN
N,NLAN,VANLA N,AV,N,N,N,N,N,AN,V,N,A,N,N,N,A,N,AN,VNAAAN,N
NSNGVINGNGACAGN,NGNLNGNLNGNGNGNGNLALYNLA VNG NGNNGNL VY NLANLAALVYN
AAN NV VAN VN NN AAANANNAANNNVNVNAVNANNA,
N,V,A,N,A,N,A,N,A,N,V,N,N,N,A,N,N,A,V,V,N,A, AN, A,V,N,N,N,N,N,A,N,V,N,
AV,N,N,AN,V,N,N,A A,N,N,N,N,N,N,N,A,N,N,V,N,N,N,N,N,A,N,N,N,N,V AN,
NLNLASNCANNGACNNGNNGNNGANGNLACNLANLA NV NGNCNL VYNNG NLANLA,
NLALNGNLNGNGNGNCANLVINGNGNGNGANG N NGANLANGNNGNNGNLAA L NLANLA,
V,N,N,A,N,N,V,N,N,N,N,N,N,N,A,V,V,N,N,A,N,N,N,A,N,N,N,N,A,N,V,N,N,A,V,
NLNSNGNGNGNGNGACNLCACNNGNNGNLALVL VN NLA NG NLCACNVINGNNGANGN, NG VN,
N,N,V,N,NLAVINLACN,NGNC NGV VN NGNL NG VN NGNL NGALNLA LY NGNLANLANGN,
N,V,N,AL VN NGNS NGNLVINGN NNV NGNNGNNGNL NGALA N NG NLALA YNNG,
ANANANN,N,NAN,V,N,N,N,AN,A,N,NA,V,N,A,N,N,N,N,A,V,N,N,N,N,N
NCNLAALA NNV NCA NN NCANLALVNLVNLANLVNGNGNGNGNNGV,ANGNNGN
NGNSNSNSNGNGVINGNGNGNGNGNL N NNV VA N NG NLANLA LAV

T 4:02.04.2015
Delegates’ defense of teachers rights
Oleadsro God> HI gLl gliy . 4

[NLAN,NGNGNGNGNGNL NN VNG NGNGNGNGNGNG NN NGNGNLVNGANLVNGNG N NG A,
NL,N,NGNSNGNCNGNGNGNCVLANCNNCAVYNGNLV VNG NNLVL VL VLA NN VNG NGNGN,
N,N,V,V,N,V,N,N,N,N,N,N,N,N,N,A,A,N,N,N,V,N,N,N,N,V,N,N,N,N,A,N,N,N,N,
AN,V,N,N,ANAAVNANANVANN,V,N,N,NAN,VN,N,NAAN,VN,V,
V,N,N,AV,AN,ANA,V,NAV,N,N,N,N,V,N,N,N,V,N,N,N,N,VNLA AN NA LY,
V,AN,N,AAN,V,N,AV,N,N,N,N,N,V,N,N,V,N,N,V,N,N,N,V,N,VA,VN,N,V,N,N
NSNGNLVINGNLACN,NGNLNGNLA VNV NN NGNLNGNGNLGACANGN, NGV N NGN VNN
NCACNLCACNNGN, NNV NGA NG VINLANLY NGA L NLAL NV NLANLALA VANV INA,
V,N,A,V,N,N,N,N,A,N,V,N,N,A,N,N,N,N,N,V,N,N,V,N,N,A,N,N,N,V,N,N,V,N A,
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NLNSNGNLASNNGNGNGNGANCNLA VNG NGNLACN, NGV N NGNLVNGNL VY NLA NLA NN,
V,V,AN,N,V,N,AN,V,ANAN,N,N,N,V,N,N,N,N,N,A,V,N,V,N,A,N,N,N,N,N,N,

NLALAN,N,N,V,V,N,N,N,N,N,N,A,N,VANAN,A,V,N,V,N,N,AN,AAN,N,N,N,
NLA,N,N,V,V,N,A,NAAN,N,V,N,N,AN,N,V,N,A,N,N,N,N,N,V,N,A,AAN,N,N,
V,N,NSNGACNNGNGNGNNGANGNNGNLACNNGVNLANLNGACNLACNLACNVNGN NN
N,AN,NLA LV VA NN,V N,N,N,AN,V,N,AN,N,N,AA,V,N,N,N,N,NAN,AN,A
N,V,N,N,N,N,N,A,V,VA,VN,NAN,A N,N,NAN,AN,N,V,VN,NAVN,NAA,
NLNLAGNNGNLNGNGNGNGNLVNLALANL AN ALA VAN NLA NV, VN NGN,NLGVNN,
AAANANNV,NVANN,VVNN,NAVNNANAANANAANAAN,
NLAN,N,AN,V,N,ANANANAVAN,VVANAN,N,N,N,V,N,N,NA,N,N,N,
NLAN,N,V,N,AN,N,AN,V,V,N,N,N,N,N,V,N,N,A,N,A,N,N,A,N,N,A,N,V]

T5:0.2.04.2015

Larijani’'s congratulation to Yemenis
o Ol 4y (LY S5

[N,N,V,N,N,N,N,N,N,V,N,V,N,N,N,N,N,V,N,N,N,N,N,N,N,N,N,N,N,N,N,N,N,N,
N,V,V,V,V A N,N,N,N,N,N,V,N,N,A;N,AN,V,N,N,V,V,N,A N, A N,A,N,N,N,AN,
V,N,N,N,A,V,N,AV,N,V,A A,N,N,N,V,N,AAN,N,N,N,N,VAN,V,N,N,N,N,V,N,
NLAN,N,N,NLANLVNLA VA A NN N NN, NGNVNGN VANV NLA VY NLA VN,
AN,N,N,N,V,N,N,A,N,V,N,A,N,N,A,N,V,VANA A N,NAN,VN,V,NN,N,N,N,
N,N,N,V,A,N,A,N,N,V,N,N,V.A,N.AAN,V,V,AN,NA,V,N,N,N,NAAVAN,N,
AV, ANAANAV,NNANANAVANNAANAVNVAVNNVNN,N,
N,N,N,N.A,V,V. AN,V A N,N A A N,NANA,V,N,N,VAN,N,N,N,N,N,N,V,N,N,
ANAJAN,N,N,V,N,N, AN, AN,N,V,N,VAN,N,AN,V,NANANAVVANA,
N,V,N, AN AV VA NA N,NAN,V,VN,AAN,V,N,N,V,N,AN,N,N,V,N,N,N,V,V
NSNGANGN,NGNLA L VVINNGNLNGNLNGNC NG VNG NGNLANCA LV VAN NNV NLA LY,
N,V,N,A,N,N,A,N,V,AN,V,N,N,V,N,AN,N,N,V AN AVV,ANNANAVNA,
N,NLANLA VA NNNCA N VN NLA NN NLALVNG NGV NLA N AN NLA VY NLA A,
N,NLACNLANLVINGNLVINGNLNGNLAL VNN VYNNG NGNNGN VA LVNGNG N NGNL VY,
N,N,V,N,N,N,A,N,N,V,N,A A A N,N,N,A,N,N,N,V,A N, A N,N,N,A,V,N,N,NA N,
V,A,N,AV,N,N,N,A,V,N,N,N,A,V,N,N,A,N,N,A,N,N,A,N,AN,N,NA,AANA N,
AV,N,N,NCANG N NCAACNNGNCACALACN,NGNLNGAN NN NG VAN NLA LA AN,
AV,NAN,NAAAVNAANAVNNAANN,NN,N,VV,NAN,N,N,N,N,N,
N,NLANLAN VNN, NL, VA NAN,N,N,A NAN,N,V,N,N,AN,N,A,AN,V,N AN,
N,NSNGANGNLAL VN NGANNGNGNGNGNGNNGANLA NN, NCALY NLA NGNLA VNN
AAVIN NN NLA NV VN NGN NGVNNGN NLALANLA LV VA NN NGNL NCALA A,
V,N,N,N,N,A,V,N,V,N,A VAN A ANVANNNNANNAVVVANNAA,
N,V,N,N,A,N,N.,A,AN,A AN AAN,N,V,NAVNAANNA,V,NNN,VNAA,
N,AN,N.A VN, VN, A N,AN,VVANA NAN,NAVANAV,NNAAANA,
N,V]
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German

T 1. Burgaufzug begeistert.Der Bote 25.04.2015
[V,N,V,N,V,N,V,N,V.AAV,V,NANAN,N,V,N,N,N,N,V,N,N,N,N,N,N,N,N,
V,N,N,A,N,N,N,N,N,N,N,N,N,V,A,AN,N,AN,V,N,AN,V,N,V,A A NA N A,
N,V,N,N,V,N,N,V,A,N,A,N,N,N,V,A,N,A,N,N,N,N,V,AV,V,N,N,N,V,V,V N,
V,A,N,N,V,N,N,V,N,V,N,V,N,V,N,N,V,ANV,V,V,NN,V,N,V,N,V,N,N,V,N,
N,V,V,.N,AN,V,N,AV,N,N,N,N,V,V,N,A,N,N,N,V,A,N,V,N]

T 2: Und plotzlich geht die Tur auf. Der Bote 25.04.2015
[N,V,N,V,N,V,N,N,N,N,N,V,V,N,A,N,A,N,A,A,N,V,N,N,V,N,N,V,N,N,V,N,N,N,V,
N,N,N,V,V,N,A,N,N,V,N,N,A,N,V,N,V,N,V,N,N,V,N,V,N,A,N,N,N,V A N,N,N,V,vV
,N,N,N,V,V,N,V,N,N,V,V,N,N,V,N,V,N,N,V,A,N,V,N,N,V,V,N,N,N,V,N,A,N,V,N,V,
N,N,A,N,V,N,A,N,N,N,N,V,V,N,N,V,N,V,N,V\V,VN,N,V,V,N,V,N,VN,VV,N,N,V,
N,A,N,V,N,V,N,V,N,V,N,V,N,N,N,N,V,A,N,N,N,A,N,N,V,N,N,VAN,N,V,N,V,N,N
V,V,N,N,N,V,N,V,A,N,V,N,N,N,A,NAN,V,V,VVVN,V,VANVNNAANVN,
V,N,A,N,V,N,N,N,V,N,N,V,V,N,V,N,A,N,V,N,V,V,A,N,N,N,N,V,N,V.V\VN,N,V|N,
N,N,V,V,N,N,N,N,N,V,V,N,N,V,N,N,A,N,V,V,N,N,N,N,N,N,V,N,VVVAN,VN,V,
V,V,N,V,N,A,N,N,V,N,N,V,N,V,A,N,N,N,V,AN,N,N,N,N,N,N,V,VVVN,V,N,N,N,
N,N,V,N,N]

T 3. Drama des gescheiterten Hitler-AttentatsDer Bote 22.04.2015.
[AN,N,N,V,N,V,N,V,N,AN,V,N,N,N,N,N,V,A,N,V,N,N,N,N,V,N,V AN,V A N,V,
V,N,N,N,V,N A N,N,V,N,N,V,A,N,A,N,A,N,N,N,V,N,N,V,N,N,N,N,N,N,V,N,N A,
AN,V,N,N,N,N,N,N,N,N,N,N,V,N,V,N,N,N,N,N,V,N,N,N,V,V,N,A,N,N,N,N,V,N,
V,N,N,N,V,N,N,A N,N,N,A,N,N,N,V,V,N,N,V,V,N,N,N,N,N,N,V,N,N, A ,N,N,N,V,
A V.V ANNN,VAANN,N,V,V,NANAANNN,VANNNAN\VVAAN,
N,N,N,N,AAN,N,N,N,N,N,N,V,N,N,V,N,A,N,V,N,AN,A,N,N,V,A,N,N,N,VA,V,
N,V,N,N,V,V,N, AN,V A N,N,V,N,V,N,N,N,N,N,V,N,N,N,V,N,V,V,AN,N,V,N,V N,
V,N,AN,V,NAV,V,N,N,V,N,N,N,V,V,N,N,N,V]

T 4. Sieben Minuten raus aus dem Alltag, rein in d Tiefe.Der Bote 29.04.2015
[V,N,AN,V,AN,N,N,N,V,VAAN,N,V,NVAV,NAN,N,N,N,NNANN,N,VN,
N,N,N,N,N,V,N,N,V,AN,AN,N,N,N,A,V,N,V,N,V,N,A,N,N,N,A,N,N,AN,V,N,N,
AN,V,N,AN,N,V,N,N,N,V,V,VAN,N,N,N,N,AAN,V,V,N,N,VAN,N,N,N,V,N,V
V,N,N,A,N,N,V,N,AN,V,N,V,N,N,V,VV,N,AN,A AN,N,V,V,N,N,NAN,VA N,
V,AN,V,N,N,N,N,N,N,V,N,N,N,N,V,N,N,A,V,N,N,N,N,N,N,N,V,N,N,V,N,N,N,N,
V,N,V,V,N,N,V,N,VA,V,N,AN,V,V,N,N,N,V,A,N,AN,V,N,AN,N,N,V,N,V,N,N,N,
AAN,N,N,V,N,A,N,N,N,N,N,VA]

T 5. Geruch ist kein Zufall. Der Bote 11.04.2015.
[V,V,V,N,N,N,V,N,N,N,N,V,N,V,A,V,N,V,N,N,A N,V A,V ANN,VAN,N,VV,NA
N,AN,VAN,VAN,V,V,N,N,VANAN,VAN,NA,,N,V,NAN,VAN,N,V,N,
AV, AN,VN,V.A A N,V,N,N,N,NA N,N,N,NA,V,N,V,NAN,V,NAN,V,N,NA,
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N,V,V,V,V,A N, VNNNL VLA NLA NN VNGA NN NGNGNGNL VAL NLA N VNGNN,

N,N,V,V,N,NA N,V NN NG VNGNGA LA NNV NGALNL VANV NN NGVNGNNA,

VNN, VAN, NN VAN,V VYN NLA A NN VAN VNNV NGA NV VNN,
N,N,N]

Odia

T 1._Sambad, Page: 4. Bhubaneswar, 24 March 2015: Dalapati withke the
final decision on the choice of the wood
[V,N,N,N,A,N,N,N,V,N,N,N,N,N,N,N,N,A,A,N,A,N,N,N,N,N,N,V,A N,N,N,N,
V,N,N,N,V,N,N,N,N,N,N,V,N,N,N,N,V,N,N,N,V,N,V,N,N,N,N,V,N,N,N,V A,
N,N,N,N,N,N,N,V,N,N,N,N,N,N,A,A,N,N,V,N,N,N,N,A,N,N,N,V,N,N,N,A,N,
N,N,N,N,V,N,V,N,N,N,N,N,N,N,V,N,N,N,A,N,N,N,N,N,N,V,N,N,A,N,N,N,N,
N,A,N,V,N,N,A,N,V,N,V,N,A,N,V,N,N,V,N,AN,V,N,V,AN,N,A A,N,N,N,N,
N,V,A,N,N,N,N,N,V,N,N,V,N,N,V,N,V,A,N,N,N,N,N,N,N,N,N,N,N,N,N,A,N,
N,N,N,N,NGNSNGNGNNGNC N NGA N, NGV, NGNC N NGALN,NLALNG NN NGACN, NN,
A N,N,V,N,N,N,N,N,N,V,N,A,N,AV,N,N,A,N,N,N,N,V,A,N,N,N,N,N,N,N,N,
V,N,N,N,N,V,N,N,V,A,N,N,V,N,A,N,A,N,A,N,V,N,N,N,V,N,A,N,A AN,NA,
N,V,N,N,N,V,N,V,A,N,N,A,N,N,N,V,N,N,N,N,V,N,N,N,N,V,N,N,N,N,N,N,N,
N,A,N,N,V,N,N,N,A,A,N,V,A,N,V,N,N,N,N,N,N,V,N,N,N,V,A,N,A,N,V,N,N,
N,N,A,N,N,A,N,N,V,N,V]

T 2: Sambad, Page: 4. Bhubaneswar, 24 March 2015. English Questi on
appointment of Commission for the Differently Abled
[N,N,A,N,A,N,N,N,V,N,N,N,V,AN,V,N,N,A,N,V,A,N,N,V,N,A,N,N,N,V,N,V,
N,NLANL AN, NGN,NCN N,V NGNL VL NGN,NGNNGN, VLA NCN VNN NNV AN,
N,V,A,N,V,AN,N,V,AN,N,V,V,N,N,V,N,N,N,V,N,V,N,V,A,N,N,N,N,N,A A,
N,V,A,N,N,N,V,N,N,N,N,N,N,A,A,N,V,N,N,N,V,A,N,N,A,N,V,AN,N,N,N,N,
N,N,N,N,N,V,A,N,V,N,A,N,N,A,N,N,V,N,V,N,N,N,A,V,N,N,N,N,V,N,V,A N,
N,AAN,V,AN,N,N,V,AN,N,V,AN,N,N,N,A,V,N,N,N,N,V,N,V,N,N,N,N,V,
N,A,A,N,N,V,A,N,A,N,N,V,N,V]

T 3: Sambad, Page: 18. Bhubaneswar, 24 March 2015. Effort be mador
upholding the respect and solving the problems oafmers
[A,N,N,A,N,N,N,N,V,N,V,N,N,N,N,N,N,N,V,N,A,N,N,N,N,N,N,N,V,N,N,N,N,
N,A,N,V,N,V,N,V,A,N,N,N,V,A,A,N,N,N,V,N,N,N,N,N,N,A,N,N,V,N,V,N,V,
N,A,N,N,N,N,N,V,V,A,N,A,N,A,N,N,A,N,V,N,V,A,N,A,N,N,N,N,N,V,N,N,V,
A,N,AN,N,N,N,V,N,N,V,V,N,N,V,N,N,N,N,N,N,V,N,A,N,N,N,A,V,N,N,N,N,
V,N,N,V,N,A,AN,V,AN,V,NANAV,V,NANN,V,NN,V,V,NNV,NN,V,
N,A AN A,N,N,N,N,A,N,N,A,N,N,N,V,A,N,A,N,N,A,N,A,N,AN,N,V,N,N,N,
V,AN,AN,V,N,AV,AN,N,N,V,N,V,N,N,V,N,N,N,V,N,N,N,N,N,V,N,AN,V,
N,V,N,N,V,N,V,N,V,V,N,N,V,N,V,N,N,N,V,N,A,N,N,N,V,N,N,V,A,AN,N A,
N,N,N,N,N,N,N,V,N,N,A,N,N,V,N,A,N,N,N,V]
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T 4: Sambad, Page: 19. Bhubaneswar, 24 March 2015. Now also tlatening
tuberculosis
[N,AN,V,N,N,N,N,N,N,V,N,V,N,N,V,A,N,N,N,V,V,N,V,A,V,N,N,N,N,V, AN,
N,A,N,A,N,N,V,N,N,A,N,N,A,N,N,A,N,N,A,V,AN,N,V,A,N,N,A,V,V,N,N,N,
A,V,A,N,N,A,N,N,AV,AN,N,N,V,AN,N,N,N,V,V,N,V,N,N,N,N,N,A,N,N A,
N,N,A,V,N,A,V,N,V,N,N,A,V,N,A,N,A,N,AN,A,N,AN,A,NA,NA NA,N,N,
N,V,N,N,N,V,N,N,V,A,N,N,N,V,N,N,N,V,N,N,A,V,N,A,N,N,V,A,N,N,V,N A,
N,N,A,N,A,N,AA,V,N,A,N,N,N,V,A,N,A,N,N,A,V,V,N,N,N,N,A,N,N,N,V,N,
N,N,V,A,V,N,A,N,A,N,V,N,A,N,V,A,N,N,A,N,N,V,A,N,N,AV,N,NAV,NA,
N,A,N,N,V,N,A,V,A,N,N,N,V,N,N,N,V,A,N,A,N,N,V,N,V,N,N,N,V,A,N,N,V,
A,N,N,A,V,N,N,N,N,N,A,V,N,N,N,N,N,N,N,N,A,V,N,A,V]

T 5: Sambad, Page: 14. Bhubaneswar, 24 March 2015. Child-steafiiracket
in the capital
[N,N,A,N,N,N,N,N,A,N,N,A,V,N,A,N,N,V,N,N,N,N,N,A,N,A AN,N,ANA,V,
A N,AN,V,N,AN,N,AV,N,N,V,N,N,N,V,V,N,N,N,N,N,N,V,A,V,N,N,N,V,N,
N,V,N,V,V,A/AN,N,V,N,N,A,AN,V,N,V,N,N,N,N,N,N,N,V,N,N,A,V,N,V,N,
V,N,N,N,N,N,N,N,N,N,V,AN,N,A,N,N,N,N,N,N,V,N,N,N,N,V,N,AN,V,N,N,
N,V,A,N,A,N,N,V,N,A,V.N,N,N,V,V.A/ANAV,ANV,AVNN,V,NN,N,N,
A N,N,A,N,N,A,N,V,N,N,N,N,V,A,AN,N,N,V.AAV,N,V,N,N,V,N,N,N,N A,
N,N,V,A,A,N,N,N,AJAAN,V,V,V,NV,NV,ANN,N,V,AV,NN,N,NANV,
N,N,A,N,N,A,N,N,N,N,V,N,A,N,N,N,V,V,N,A,N,N,V,N,N,V,N,V,N,N,V,A N,
N,N,N,N,V,V,N,A,V,AN,V,A,N,N,N,N,N,N,N,V,N,N,N,V,N,N,V,N,V,N A A,
N,N,N,N,V,N,N,A,V,N,N,V,N,A,A,N,N,V,N,N,V,N,N,V]

Russian

T 1: http://lwww.novayagazeta.ru/news/1693890.html 19. Mai 2015
[AN,V,V,AN,N,N,N,N,N,N,V,N,V,N,N,N,N,V,N,N,N,N,N,V,AN,V,N A N,A,
N,N,V,N,N,A,N,V,V,N,N,N,V,N,V,A,N,N,N,V,N,N,V,V,N,N,V,N,N,V,N,N,V,
N,N,A,N,V,A,N,V,N,A,N,N,N,N,N,A,N,A,N,N,N,N,A,N,A,N,N,N,V,N,V,N,N,
V,N,V,N,N,N,N,N,A,N,N,N]

T 2: http://www.ng.ru/economics/2015-05-19/100 obzor190515 2.html 19. Mai
2015
[N,V,N,A,N,N,V,A,N,N,N,N,N,N,V,N,V,N,A,N,N,N,A,N,N,V,A,N,N,N,N,N,V,
N,N,V,N,N,N,N,N,V,N,V,A,N,N,V,A,N,N,N,V,A,N,N,N,N,V,N,N,N,N,V,N,N,
V,N,V,N,N,A,N,N,V,N,N,N,N,A,N,V,N,N,N,N,N,V,N,A,N,A,N,N,V,N,N,V,N,
V,A,N,N,N,N,A,N,N,N,N,N,N,N,V,A,N,N,N,A,N,N,V,N,V,N,N,N,N,N,N,N,N,
N,A,N,N,V,N,N,N,N,A ,N]

T 3: http://www.ng.ru/news/503821.html 19. Mai 2015
[N,N,N,V,N,N,N,N,N,V,N,N,N,N,V,N,V,N,N,N,N,N,N,V,N,N,N,V,N,N,N,N A,
N,N,N,N,V,N,N,V,N,N,N,V,V,N,N,N,N,N,N,N,N,N,A,N,N,N,N,V,N,N,A,N,N,
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N,V,ANGNGNNGNGN VL NGALANGNGNNGNGNGNNGACNNGNGN N NGV N NGNL Y,
N,V,N,N,N,V,N,N,V,N,N,N,N,N,A,N,N,N,N,N,A;N,N,V,N,N,N,N]

T 4: http://lenta.ru/news/2015/05/19/ukrcredban/ 19. Ma 2015

[N,N,V,V,N,N,N,V,A;N,N,N,N,A,N,A,N,V,N,N,N,V,N,V,N,N,A,N,V,N,V,N,V,
N,N,V,N,N,N,N,V,AN,N,N,V,N,N,N,N,V,A A N,N,N,N,N,N,N,N,N,V,N,V A,
ANNA AN NLVONNCVNSA NNV NGACN N NGNG N NGAN NG NGNGNL Y NGN,
NLALACN, NN VNS NCACNGNGNGNGAN, VNN NGNGALCNGNL VY NSA N, NCNGNGNL Y,
N,N,N,N,V,N,N,N,V,A,N,N,V,N,N,N]

T 5: http://lenta.ru/news/2015/05/19/lanquage/ 19 Mai 2015

[N,V,N,N,A,N,N,N,N,V,N,AN,V,V,A/N,N,AN,N,V,NAANV,AANV,NA,
N,V,N,N,V,AN,A,N,V,AN,N,V,N,A A N,V,N,N,V,AN,V,N,N,N,V,A/AN,V,
N,A,N,N,N,V,N,A,N,N,A,N,N,N,A,AN,V,N,N,N,A,N,V,V,N,N,A,N,V,N,N,N,
V,N,N,N,A,N,N,N,A,N,N,A,N,N,V,N,V,N,N,N,V,N,N,A,N,A,N,N,AN,V AN,
AN,N,N,V,A N, A,N,N,N,AN,V,N,A;N,N,N,V,N,A,N]

Turkish

T 1: http://www.hurriyet.com.tr/ekonomi/29071597.asp
[N,N,N,V,N,N,N,A,N,N,N,N,N,N,N,V,A,N,N,N,A,N,N,V,N,N,V,N,N,N,A AN,
N,A,N,A,N,A,N,N,N,V,N,N,N,N,A,N,N,A,N,V,V,N,N,V,A,N,A,N,N,A,N,N,N,
V,A,N,N,N,V,N,N,N,N,A,N,A,N,A,N,N,N,A,N,V,N,A,N,N,N,A,N,N,A A AN,
V,N,A,N,N,A,A,N,A,N,A,N,N,V,N,N,N,V,N,N,N,V,N,N,V,N,N,N,N,V,N,N,N,
V,N,A,N,A,N,A,N,AN,V,N,N,N,A,N,N,V,N,A,N,N,N,A,A,AN,N,V,V,N,A A,
N,N,N,A,N,N,A,N,N,N,A,AN,N,V,N,N,N,N,V,N,V,N,N,A,V,N,N,A,N,V,N,V,
AN,V,V,N,AN,N,V,N,N,N,V,AN,V,N,V,N,AN,V,N,V,N,V,N,V,V,AN,N,V,
AV, VV,AV,NN,V,ANNN,N\V,NAV,AN,V,V,NAN,N,N,V,NAN,N,V,
N,N,N,N,V,N,N,A,A,N,A,N,N,N,N,N,N,N,N,N,V,N,N,N,N,N,V,N,N,V,N,A A,
N,N,N,N,V,N,V,N,N,N,V]

T 2: http://www.milliyet.com.tr/sisi-ye-A,ImA,N,vA ,-dA -

hitler/duN,yA ,/detA ,y/2068911/def A ,ult.htm
[N,N,N,V,N,N,A,N,A,N,A,N,N,N,V,N,N,A,N,N,V,N,V,N,N,A,N,N,V,N,N,N,N,
N,A,N,N,V,N,N,N,N,A,N,N,N,N,N,V,N,N,N,A,N,N,V,N,N,N,A,N,N,A,N,N,N,
V,N,N,N,V,A,N,A,N,N,V,N.A,N,V,AN,A A AN,V,N,N,N,NA,NN,ANAN,
V,N,N,V,N,V,N,V,N,N,V,N,N,A,N,N,A,N,N,N,V,N,V,A,N,N,N,N,V,N,N,A N,
V,N,A,N,N,V,N,N,N,N,A,N,N,N,N,V,N,N,N,N,V,N,N,N,N,N,N,A,N,N,N,A N,
N,N,V,N,N,N,N,V,A,N,N,V,N,A,N,V,N,N,V,N,A,N,AN,V,N,V,V,N,A,N,NA,
N,A,N,N,N,N,N,N,N,V,N,N,N,N,N,V,A A,N,N,V,N,N,N,N,V,N,V,V,N,N,N,A,
N,N,A,N,A,N,V,N,A,N,N,A,N,V,N,N,V,N,V,N,N,A,N,N,V,N,N,N,A,N,N,N,V,
N,N,N,A,N,N,A,N,N,V,A,N,V,N,N,N,A,A,N,N,V,N,A,N,V,N,V,N,N,N,N,N A,
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ANANA N NGNGN NCNGNNCACN N VNGV N NGNLA NNV NLALAN NG NGA,
N,N,V,A,N,V,A,N,N,N,V,N,N,N,N,V,N,N,N,V,V,V,N,N,V,N,N,N,N,N,A,N;,N,
N,A,N,N,N,N,V,N,N,N,A,N,A,N,N,N,V,N,A,N,V, AN, A N,AN,NAN,V,N,V,
N,N,N,V,N,N,A,N,N,V,N,N,N,N,V,N,N,N,N,N,V,N,A,N,N,A,N,A,N,AN,N,N,
N,N,N,N,N,V,N,A,N,N,N,AN,AN,AN,N,N,V,AN,V,V,N,V,AN,N,N,N,N,V,
N,N,V,N,N,V,V,N,V,N,N,A,N,N,N,N,A,N,N,A,N,V,N,V,N,N,V, V]

T 3: http://www.milliyet.com.tr/2015-rA,mA ,zA ,N,-A,vi-N,e-zA mA N,-
guN,dem-2069220/
[A,AN,N,V,AN,AN,V,ANANAANNAANV,AANNAANANAA,
N,V,N,V,N,A,N,A,N,V,A,N,AN,N,N,N,V,A,N.AAN,V,N,N,N,AAAN,NA,
ANAV,N,ANAN,NA,V,N,NAN,V,AN,V,N,NAANN,V,NNA A AN,
A,N,N,A,N,N,V,V,N,N,A,N,N,AN,AAN,N,N,N,A,V,ANNA NA NA,N,N,
AAN,N,N,AN,V,A,AN,N,N,NAV,ANAAAANVANANNANVA,
N,AAN,V,AAN,V,AAANNNNAV,ANAANANNAAN,VAAN,
V,N,A,N,N,V,N,A,N,N,V,N,N,N,N,N,N,N,N,N,N,V,N,N,N,N,V,A,N,A V,A N,
ANA ANV A ANAN,V,NANN,N,N,NAAN,VANANNNANA)N,
V,N,N,A,N,A,N,AN,V,A A ANA NAN,V,N,N,NA,NNANAAANVA,
N,AAN,V,N,AN,V,A,N,N,A,N,AN,N,N,N,A,N,V,AN,V,N,N,A,N,A,N,A,N,
V,N,N,N,N,A,V,N,A,N,N,AA,N,N,V,N,AN,AN,V,ANA ANN,N,AN,N,V,
ANA A N,N,NA A N,N,N,V,ANANA N,N,V,ANN,N,V,ANN,VANA,
N,A,N,AN,V,N,N,N,A,N.AAN,AN,V,AN,N,N,A,N,ANAN,V,AN,NA,N,
ANAAN,V,AN,N,AN,V,ANANAV AN,NANNNANVAN,N,N,N,
N,V,A,N,V,N,A,N,N,N,N,N,A,N,N,N,A,N,N,V,N,N,A,N,AN,V,V,N,V,V,A N,
V,A,N,V,N,N,N,V,N,V,A,N,N,N,A A N,N,N,N,V,V,V,ANN,N,AN,N,A N,N,
N,A,N,N,N,N,V,N,A,N,A,N,N,V]

T 4: http://www.zA,mA ,N,.com.tr/kultur KkitA,p-kA,sA,bA ,siN,dA ,-edebiyA t-
festiV,Ali 2296797.html
[A,N,AN,N,N,N,N,N,N,N,V,N,N,N,N,N,N,N,A,N,A,N,N,V,N,A,N,N,N,N,N,N,
A,N,AN,V,N,N,A,N,N,V, A N,N,A,N,A,N,AN,N,N,V,N,A,N,V,AN,AN,A,N,
V,N,A,A,N,AA,N,N,A,N,AN,A,V,N,N,N,AN,N,A,AN,N,N,A VA NA N,N,
N,A,N,N,V,N,N,A,N,N,N,N,A,A,N,V,A,N,N,A,N,A,N,N,A,N,A,N,N,V,N,N,N,
A,N,N,N,V,N,N,N,N,N,V,A,N,A AN, A AN,V,NAAN,N,AN,N,N,V,N,N,N,
N,V,A,N,AN,A,N,N,N,V,N,A,N,A,AN,N,A A N,N,N,N,V,N,N,N,A,N,N,N,N,
V,N,N,A,A,N,N,N,A,N,A,AN,N,N,V,V,N,A A NA,N,N,V,NANA,AAN,N,
N,N,N,V,N,N,N,A,A,N,V,N,N,V,A,N,A,N,AN,N,A,N,N,V,A A,N,A,AN,A,N,
N,V,N,N,N,N,N,A,N,N,N,V,N,N,N,N,N,A,N,V,V,N,N,N,A,N,N,V,N,A,N,N A,
A,N,N,N,N,A,N,A,N,N,A,N,V,A,N,V,N,N,A,N,N,A,N,N,V,N,A,N,N,N,A N A,
N,N,A,N,N,A,V,A,N,A,N,AN,V,N,N,A,N,A A N,N,V,N,N,AN,A,N,N,N,A,N,
A,N,N,N,N,N,N,V,AN,N,AN,A,V,AN,N,N,A,V,N,AN,N,N,V,AAN,N,A N,
N,N,V,N,A,N,A,N,V,AN,N,A,A,N,A,N,N,A,N,AN,AN,N,AN,V]
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ANV Sequences

T 5: http://www.SA ,bA h.com.tr/kultur sA ,N,A t/2015/05/10/fA jtih-sultA,N,-
mehmetiN,-kilici-sA tildi
[AAN,AN,AANNANANANVANAAANNAVANNNANAA,
N,A,N,V,V,AN,N,V,N.A,N,AN,AN,N,N,ANA,V,NANA NAAANA,N,
V,AAN,ANAN,N,AANA,NNA,NNANAN,NANV,NN,N,N,N,NA,
AN,V,N,A,N,AN,A,N,AN,V,N,NAAAAN,V,V,NV,NNA,N,N,N,N,N,N,
A,NA,N,N,N,V,V,A,N,A A N,N,N,ANA N,AN,N,N,V,V,N,N,V,ANN,N,A,
N,N,A,N,N,N,A,A,N,A,N,N,V,V,N,AV,N,AANAAAANANANAN,N,
A,N,A,N,N,V,N,N,N,A,N,N,N,A,N,A A AN,V,V,NAANAAAANANA,
N,A,N,N,A,N,A,N,N,V,N,N,N,A,N,N,N,A,N,AAAN,V,V,ANN,N,AN,NA,
AN,V,N, AN, A AN,N,A, VA NANNAAAN,V,V,NNN,V,AANANA,
N,N,N,N,N,A,N,A,N,V,N,A,A,N,N,N,V,N,N,N,V,N,N,N,V,N,N,N,V,A,N,A,N,
N,V,N,N,N,V,A,N,A AN AN,N,AN,N,N,V,ANAAAANV,NAANA,N,
A,N,N,N,N,A,N,N,N,V,N,N.,A,N,AN,V,N,A,AN,V,NAANN,N,V,V,NAN,
N,N,A,N,N,A,AN,N,A,N,N,A,N,V,AN,A,N,N,V,N,AN,V,AN,AAAN,V,N,
N,N,N,A,N,N,A,N,A,N,V,N,N,V]
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