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In the task of information retrieval the term redece is taken to mean formal conformity of a
document given by the retrieval system to userfermation query. As a rule, the documents
found by the retrieval system should be submittedhe user in a certain order. Therefore, a
retrieval perceived as a selection of documentmddly solving the user's query, should be
supplemented with a certain procedure of procesainglevant set. It would be natural to
introduce a quantitative measure of document comfgrto query, i.e. the relevance measure.
Since no single rule exists for the determinatibthe relevance measure, we shall consider two
of them which are the simplest in our opinion. Tgreposed approach does not suppose any
restrictions and can be applied to other relevameasures.

The first relevance measure is determined by freges of entry of retrieval terms from the
query to the document and is described by theviatig relation:

F) =2 My, 1)

max k=1

where M, is the number of entries &-th term k =1,...,.K) into n-th document(=1,...,.N),
and F,__, is determined as follows:

Frax = max F®). (2)
Note that with one-term query the meastén) is equal to normalized ifr,,, number of
entries of given term into the document. It is @l thatF (n) € (0,1].
The second relevance measure includes normaliziatibre document Iength(n):
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whereQ,,,, is determined as follows:

Qe = MXQ (), (4)
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whereQ(n) also varies within(0,1.

The difference in relevance measures in terms tieval efficiency in due time was widely
covered in the literature [1-3]. It is essentlatt(1) is a single-parameter measure, and (3) is a
double-parameter measure.

Research was made on a set of document bodiedinglunew messages of various size
formed by Internet resource monitoring system. Ag®ample, we will consider in this paper an
array of 6713 documents published in online medlithe first decade of August, 2007, solving



the query, presumably on military topics, consgstfi one word “military”.
Let us first sort out the documents obtained asrde=d above in the order of decreasing

relevance measure (abscissa axis), i.e. each @otusnassigned with an ordinal numbe(lQ),

increasing with decreasin@. Dependence on the numbB(Q) is shown in Fig. 1 (smooth
curve). As can be seen, a small number of docuniavs a large relevance measure, and a large
number — a small one. Moreover, if we drop the duoents with the largest and lowest relevance
measures, then dependenceQin n(Q) in a logarithmic scale to a good accuracy is admn

one (Fig. 2 is a continuous curve), which corresjsoio the generalized Zipf law [4, 5] applied
to distribution of arbitrary objects in latent \atles (properties).
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Fig. 1. The values of relevance measures (axis Y') of documents based on two criteria.
The documents (axis X ) areranked in values Q.
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Fig. 2. The values of relevance measures of documents based on two criteria in a semi-
logarithmic scale

Consider now a dependence Bfon n(Q), i.e. leaving “in situ” the documents ranked @s
on the abscissa axis, we will lay on the ordinaieamly reIevanceQ(n), but also relevancé .

The thus obtained dependence F[n(Q)] will be referred to as a sequence of mutual

relevances. Behaviour of this dependence given in Fig. 1 an@&2will be shown below, is
characterized by peculiarities typical for a deteistic chaos [6, 7].

For the resulting dependend/n(Q)| there were calculated factdd(n) by DFA method
(Detrended Fluctuation Analysis) and the Hurst xade



The DFA method [8, 9] is a variant of dispersioralgsis allowing to study the effects of
long-term correlations in the unsteady series wWithmean-square error of linear approximation
analyzed as a function of approximated portion.area

Within this algorithm of DFA determination the dais first reduced to zero average

(subtraction of the average aréé> from the time serie§ (n) (n=1,..N) and random walk is
constructed:

YK = D IF()- <F >,]. ©

Then a series of valugék), k=1,..N is broken into non-overlapping sections
(portions) of lengtm, within each of them the least squares methodséxl uo determine the
equation of a line approximating sequengé). The resulting approximationyn(k)
(y, (k) =ak+Db) is considered as a local trend. In so doing, ft@entsa andb are calculated in
the following standard way:

o= nY ky(n) - (X K y(K))

nz k? - (z k)? ’

b= O vk KAD) = KO ky(k))
n> k2= (3 k)2 '

Then the mean-square error of a linear approximaigocalculated in a wide range of
valuesn. It is considered that dependerid) is often of power natur®(n)~n", i.e. the

(7)

presence of a linear portion in a log-log scky@(lg n) suggests the presence of scaling. With

the use of DFA method for different portions of exies of observations of equal lengthof
sequence under study a linear approximation istagsted for which a mean-square erdgn) is
then calculated.

As can be seen from Fig. m(n) has a power dependence oni.e. in a log-log scale this
dependence is close to linear, suggesting the mres# scaling [8, 9].
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Fig. 3. D(n) of a series of observations(axis Y) versus the length of approximation portion n
(axis X) in alogarithmic scale

One of the basic characteristics of series chataete by long-term correlations and/or a
deterministic chaos is the Hurst indeix. According to [6] it is found from the relationph



R_(NY)"
g—(Ej JN>1. (8)

Here Sis standard deviation:

S:\/%i[F(n)—<F>N]2, ©)
<F >N:%iF(n), (10)

and R is the so-called swing:

R(N) ZE%X (n,N )—ErPSiQX h.N) (11)
where
X(n,N):%i[F(n)—<F>N]. (12)

Fig. 4. shows the process of calculation of thesHurdex H . With increasingn, H index
takes on the values 0.750.85. As is known [6], the more the value ldf exceeds %2, the more
the statistics of series under study differs frone tgaussian one, and this series exhibits
persistence (the existence of long-term correlatidhat can be due to the existence of

deterministic chaos). Iﬂ:(n) Is taken as a self-affinity function (this issuall€ for special

investigation), then in conformity with [6] functioF (n) has fractal dimensioDd equal to

D=2-H=125+1.15. (13)
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Fig. 4. The values of the Hurst index (axis Y) versus the size of array under study (axis.X)

Fig. 5 represents the Poincare section of sefi®| (dependence of (n+1) onF (n) for

n=1,.N—1). Irregular character of filling the square undensideration0,1x( 0,1 testifies to
the presence of autocorrelations in the seriesrustddy.
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Fig. 5. Poincare section of the series under study

The presence of deterministic chaos elements whedyisg mutual relevance can be also
discovered in the construction of a “reverse” sfe= Q[F] (Fig. 6), when the documents are
ranked according to relevance measkre

The regularities revealed can be of applied charafiir example, for the task of optimization
of searching by a set of criteria (for example,tlp relevances considered in the paper). From

the character of dependen@e= QI[F] it follows that a similar task can be solved biestion of

document subsets from the local intervals lyinghe right of points belonging to central portion
of Fig. 6. The length of these intervals can beeined with regard to restrictions to full sample

size. Really, for instance, in the initial portiohthe plot large valueQ(n) are compensated by
smaller valuesF (n) Investigation of the central portion of dataegivin Fig. 6 in a sense can

play the role of a graphic method of solving thektaf optimization of samples obtained by
means of multi-parameter criteria.
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Fig. 6. The relevance measures of documents based on two criteria.
The documents are ranked by Q values

Regularities reflected in this paper can be alseepled in the analysis of other mutual
characteristics of information flows, for instanagethe consideration of popularity of subjects of
messages in local and global time intervals, ohwitnclear” classification of the documents
under consideration.
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