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GENERAL DESCRIPTION

Topicality of the problem

Data mining is the process of automatic extracbbmovel, useful and
understandable patterns in very large databaséa.miaing refers to the
overall process of discovering new patterns ordmg models from a
given dataset. There are many steps involved inKib® (knowledge
data discovering) enterprise which include datad®n, data cleaning
and preprocessing, data transformation and redyctiata mining task
and algorithm selection, and, finally, post-progagsnd interpretation of

discovered knowledge.

Discovering associations is one of the fundameaskls of data mining. Its
aim is to automatically seek dependencies from aagiunts of data. The
task results in so-called association rugsich are of the form: iA occurs

in the data therB occurs too. Only those rules that occur in the data

frequently enough are generated.

However, various information sources generate #ati an inherently
sequential nature; i.e., it is composed of discetents which have a
temporal/spatial ordering. This kind of data candi¢ained from, e.g.,
telecommunications networks, electronic commerceywvgervers of
Internet, and various scientific sources, such asegdatabases. The
sequential nature of the data is totally ignoredhie generation of the
association rules. Thus, a part of the useful métion included in the data
is discarded. Therefore, since the mid of 90'gritexest in discovering also
the sequential associations in the data has arsdhe data mining

community.



The sequential associations sgquential patternsan be presented in the
form: whenA occurs,B occurs within some certain time. So, the difference
from traditional association rules is such thaehée time information is
included both in the rule itself and in the minipgpcess in the form of
timing constraints. Nowadays several highly effitienethods for mining
these kind of patterns exist. The problem is thatihput data are assumed
to be sequences of discrete events including dwyirtformation of the
ordering, usually according to the time. Often, buer, the events are
associated with some additional attributes. Thetexy methods cannot
take into account this multi-dimensionality of datéad so they lose the
additional information it involves. Furthermoreetmethods are designed
for some specific problem and are not, as suchlicgibe to different

types of sequential data.

Aims and tasks of the work

Sequential pattern mining that finds the set ofjdient subsequences in
sequence databases is an important data mining aadkhas broad
applications, such as business analysis, web mirsegurity, and bio-
sequences analysigVe will examine just plain text information. Text
mining IS a variation on a field called data minitigat tries to find
interesting patterns from large databases. Therdifice between regular
data mining and text mining is that in text minipgtterns are extracted
from natural language text rather than from stnextudatabases of facts.
Databases are designed for programs to processnatitally; text is
written for people to read. Text mining methods dam used in
bioinformatics for analysis of DNA sequences.

The general tasks are as follows:

e Research on one data mining algorithm;



e Modification of this algorithm;
e Proposal of a new probability algorithm;

e Research on these algorithms with real and sycthdata.

Scientific novelty

The subject of the dissertation is to analyze tioblpm of the frequency
of subsequences in large volume sequences (teXt#y Bequences,
databases, etc.). A new algorithm ProMFS develdpethining frequent
sequences with the matrix of frequent distancesvdmt elements has
been proposed. It is based on the estimated pict@bstatistical
characteristics of the appearance of elements efséguence and their
order. The distinguishing feature of both algorithmdifications is that
the primary modification employs the matrix of eage distances and the
newly presented modification employs the matrixfrefuent distances.
The algorithms build a much shorter new sequendenagkes decisions
on the main sequence in accordance with the restilgmalysis of the
shorter one. The new maodification of this algorithas been compared

with other algorithms.

Approbation and publication of research work

The main results of the work were published in ¢hespers:
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2005, p. 377-387.

R. Tumasonis, G. Dzemyda.The Probabilistic Algorithm for Mining
Frequent SequencesProceedings ADBIS'04 Eight East-European



Conference on Advances in Databases and Inform&ymtems, ISBN
963311358X, 2004, p. 89-98.
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CONTENT

The doctoral dissertation consists of four chaptetfse general
conclusions, the dictionary, the list of abbrewa and the list of
references. The language of the dissertation ibitian.

In the introduction the topicality of the problensclssed is defined, the
goals and the tasks of the research are formulated,the scientific
novelty of the dissertation and the practical vahfethe work are

substantiated.

Chapter 1. Mining frequent sets

The task of association mining is to discover adfeattributes shared
among a large number of objects in a given databése example,
consider the sales database of a bookstore, whereldjects represent
customers and the attributes represent authoreaksb The discovered
patterns are the set of books most frequently botmdrether by the
customers. An example could be that “40% of thepfeeavho buy Jane
Austen'sPride and Prejudicalso buySense and SensibifityThe store
can use this knowledge for promotions, shelf plaa®metc. There are
many potential application areas for associatide tachnology, which
include catalogue design, store layout, customegmsatation,

telecommunication alarm diagnosis, and so on.

The task of discovering all frequent associationgary large databases is
quite challenging. The search space is exponemtidhe number of

database attributes, and with millions of datalmgects the problem of
I/O minimization becomes paramount. However, mastent approaches
are iterative in nature, requiring multiple databasans, which is clearly

very expensive. Some of the methods, especiallgethusing some form
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of sampling, can be sensitive to the data-skewchvban adversely affect
performance. Furthermore, most approaches use vemplicated
internal data structures which have poor localitg add additional space
and computation overheads. Our goal is to overcaiheof these

limitations.

In this chapter we present new algorithms for discmg the set of
frequent attributes (also called itemsets). The Kkegtures of our

approach are as follows:

1. We use avertical tid-list database format, where we associate with
each itemset a list of transactions in which itussc We show that
all frequent itemsets can be enumerated via sinmpdelist

intersections.

2.We use a lattice-theoretic approach to decompaseriginal search
space (lattice) into smaller pieces (sub-latticeshich can be
processed independently in main-memory. We invatigtwo
techniques for achieving the decomposition: prélsed and

maximal-clique-based partition.

3.We decouple the problem decomposition from theepatsearch.
We investigate three search strategies for enumgrétie frequent
itemsets within each sub-lattice: bottom-up, topadoand hybrid

search.

4. Our approach requires roughly only a single dassan (with

some pre-processed information) minimizing thedasts.

We present six algorithms combining the featurstedi above, depending
on the database format, the decomposition technigod the search
procedure used. These includeEclat (Equivalence CLAss

Transformation), MaxEclat, Clique, MaxClique, Top-Downand

11



AprClique.Our algorithms not only minimize I/O costs by makionly
one database scan, but also minimize computatists &y using efficient
search schemes. The algorithms are particularlgceile when the
discovered frequent itemsets are long. Our tiddested approach is also

insensitive to data-skew.

Chapter 2. Mining frequent sequences

The task of discovering all frequent sequencesiigd databases is quite
challenging. The search space is extremely large.ekample, withm
attributes there ar®(m k) potentially frequent sequences of length
With millions of objects in the database the prablef I/O minimization
becomes paramount. However, most current algoritarasiterative in
nature, requiring as many full database scans adaigest frequent
sequence, which is clearly very expensive. Somethef methods,
especially those using some form of sampling, camsénsitive to the
data-skew, which can adversely effect performakegthermore, most
approaches use very complicated internal datatatbeswhich have poor
locality and add additional space and computatiwerizeads.

In this chapter we present the Partition and Appradgorithm for
discovering a set of all frequent sequences. The fkatures of our

approach are as follows:

1. We use avertical id-list database format, where we associate with
each sequence a list of objects in which it occalsng with the
time-stamps. We show that all frequent sequences loa

enumerated via simple id-list intersections.

2. We use a lattice-theoretic approach to decompose otiiginal
search space (lattice) into smaller pieces (sulzésl), which can be

processed independently in main-memory. Our appragually

12



requires three database scans, or only a singlevsita some pre-
processed information, thus minimizing the I/O sost

3.We decouple the problem decomposition from theepatsearch.
We propose two different search strategies for ematimg the
frequent sequences within each sub-lattice: brefadthand depth-

first search.

The SPADE algorithm not only minimizes 1/O costsrbgucing database
scans, but also minimizes computational costs lygusfficient search
schemes. The vertical id-list based approach i3 i@sensitive to data-
skew. An extensive set of experiments shows th&[DEPoutperforms
previous approaches by a factor of two and by aeroof magnitude, if
we have some additional off-line information. Femmore, SPADE
scales linearly in the database size and a numbether database

parameters.

Chapter 3. Data mining algorithms

In this chapter we have presented two standard G&Prithm
implementations (one with saving memory and anothiénout saving
memory), a recursive algorithm and the new ProMpM@abilistic

algorithm for mining frequent sequences) algorithm.

Assume that we have a set={i,i,,.,i,} consisting ofm distinct

elements, also calledtems An itemsetis a nonempty unordered
collection of items. Asequenceas an ordered list of itemsets.s&quence

a is denoted agy, - a, ... a,), Where the sequenetementy; is an

itemset. An item can occur only once in an itemsei, it can occur
multiple times in different item sets of a sequer& solve a partial
problem, where itemset consists of one item only. sAguence

a=(,—a,~..~>a,) IS a subsequenceof another sequence

13



B=(B,— B,—..—~ p.), if there exist such numbefs,ts,....t,, where

tia=t+Lj=%..n ande« =p for all a. Here, s _are elements of the
J J

setL. We analyze the sequence (the main sequé&itek is formed from
single elements df (not their sets, as in the classical formulatiérihe
problem). In general, the number of elementS s much larger than that
in L. We have to find the most frequent subsequenc&sime problem
is to find subsequences whose appearance frequemygre than some
threshold calledninimum supporti.e. the subsequence is frequent iff it
occurs in the main sequence no less frequently th&n minimum

support.

The main problem is as follows: it is necessargetine only potentially
useful subsequences, check up and prolong themuahad Two
algorithms are analyzed that analytically eliminatech subsequences
that actually cannot be frequent. Two implementsti@f Generated-
Sequence-Pattern algorithm (GSP) with and withoabnemizing
memory are tested. A recursive approach to sequeniteng is
suggested. It enables saving memory too. The #hgosi are compared,
and the cases are determined, when one algorithrkswetter than

another one.

The new algorithm for mining frequent sequencesbased on the

estimation of the statistical characteristics @& thain sequence:

¢ the probability of an element in the sequence;
e the probability for one element to appear aftertiaeoone;

e the average distance between different elemeriteecfequence.

The main idea of the algorithm is the following:

14



1)some characteristics of the position and interposibf elements are

determined in the main sequence;

2)the much shorter new model sequetﬁ:i:eis generated according to
these characteristics;

3)the new sequence is analyzed with the GSP algofithrany similar
one);

4)the frequency of subsequences in the main sequemstimated by
the results of the GSP algorithm applied on the seguence.

Let:
1) P(ij):% be the probability of occurrence of eleméntin the main
sequence, wherej €L, j=1...m. Here, L={iy, ip, ... , k} is the set

consisting ofm distinct elementsV(i;) is the number of elements in

the main sequenc® VSis the length of the sequence. Note tﬁatij)zl.
j=1

2) P(i; liy) be the probability of appearance of elemgnafter element

i,, wherei,i, €L, j,v=1...m. Note thatip(ij li,y=1 forall j=1...m,
v=1

3) D(i; liy) be the distance between elemerits and i,, where
ij,iy €L, j,v=1...m_ In other words, the distand&(i; |i,) is the number
of elements that are betwegnand the first found, from i; to the end

of the main sequencé,(is included). The distance between two adjacent

elements of the sequence is equal to one.

4) A be the matrix of average distances. Elements efnthtrix are as

follows: ajy = Average(D(ij liy), ij,iv el), j,v=1..m. All these

characteristics can be obtained during one sedmobugh the main

15



sequence. According to these characteristics a nsigrter model
sequenceC~ Is generated whose lengthlisDenote its elements by,
r=1..l. The model sequenc€ will contain elements fromL:
ijeL, j=1...m, For the elements, , a numeric characteristiQ(i;,c),
r=1..1, j=L..m is defined. Initially,Q(i;.c;) is the matrix with
zero values that are specified after the statisacelysis of the main

sequence. The complementary functigric,,a;) is introduced that

increases the value of characterisf¥s;.c,) by one. The first element

of the model sequenc€ is that fromL corresponding tomax(P(i,)),

ijel. According to C the function
p(cha) = Qi 1+a;)=Q(; 1+a;)+1, j=1...m s activated.
Remaining elements,, ' =2...]  are chosen in the way described

below. Consider the-th elementc, of the model sequencé. The
decision, which symbol fronh should be chosen &, will be made
after calculatingnax@(ij,c,)), i; e L. If for somep andt we obtain that
Q(ip.c ) =Q(i,c), then elementC, is chosen by maximal value of
conditional probabilities, i.e. bynax(P(c,_y i), P(c_y li)): ¢ =i, if
P(Ci-y lip) > P(Cyyy l1t), and ¢ =1y if P(c,y li,) < P(cey liy) . If these
values are equal, i.eP(Cy_ylip)=P(c,ylit), then ¢ is chosen
depending onmax(P(i,), P(li;)) . After choosing the value of,, the
function p(c;.a;) = Q(i;,r+a,) =Q(i;,r+a;)+1 is activated. All these
actions are performed consecutively for every2,....| . This way we get

the model sequence that is much shorter than the main one and that
may be analyzed by the GSP algorithm with much tEm®putational

efforts.
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We have changed one characteristic (average destagioveen different

elements of the sequence) to the frequent distdeteeen different

elements of the sequencé. is the matrix of these frequent distances.
Elements of the matrix are as follows:

fjV = Frequent(D(ij li,), ij,iV el), j,v=1..m.

Chapter 4. Results of the research

Compare these two different implementations andrseege algorithm by
a special example. Suppose we have a text file @tJ000 A and B
symbols. Our goal is to find all the frequent semes. We have
compared the times expended and memory use. Thi a&s shown in
Fig. 1 and Fig. 2

Time expenditure Memory use
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Minimum support Frequent

Fig. 1. Time  expenditure of GSP Fig. 2. Memory use of GSP
implementations and recursive algorithm  implementations and recursive algorithm

The probabilistic mining of frequent sequences waipared with the
GSP algorithm. We have generated a text file of,AQD letters(1000
lines and 100 symbols in one lineL={A, B, G, ie. m=3,
ib=Al1,=B,i3=C_ In this text we have included one very frequent
sequenceABBC This sequence is repeated 20 times in one lime T
remaining 20 symbols of the line are selected adoan. First of all, the
main sequence (100,000 symbols) was tested withGiBE algorithm.

The results are presented in Fig. 3 and Fig. 4y W# be discussed in

17



more detail together with the results of ProMFSNFS generated the

model sequenc€ of lengthl=40.

This model sequence was examined with the GSP idgousing the
following minimum supports: 8, 9, 10, 11, 12, 18dd4. The results are
presented in Fig. 3 and 4. Fig. 3 shows the nurab&equent sequences
found by both GSP and ProMFS. Fig. 4 illustrates é&xpenditure of
computation time used by both GSP and ProMFS taiolhe results of
Fig. 3 (the minimum support in ProMFSMs=8; the results are similar
for largerMs). The results in Fig. 3 indicate that, if the mmoim support
in GSP analyzing the main sequence is comparatiselgll (less than
1500 with the examined data set), GSP finds muchienfeequent
sequences than ProMFS. When the minimum supp@SR grows from
2500 to 6000, the number of frequent sequences 3y Gecreases and
that by ProMFS increases. In the range of [25000§0he number of
frequent sequences found by both GSP and ProMFE&hser similar. As
the minimum support in GSP continues growing, theber of frequent
sequences found by both algorithms becomes idénidaen comparing
the computing time of both algorithms (see Fig.wig,can conclude that
the ProMFS operates much faster. In the rangeeortinimum support in
GSP [2500, 6000] ProMFS needs approximately 20 diness of

computation time as compared with GSP to obtairstimdar result.

18
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Fig. 5 illustrates the expenditure of computationet by both GSP and
ProMFS with two different matrixes to obtain thesukts of Fig. 3 (the
minimum support in ProMFS i8s=8; the results are similar for larger
Ms). The results in Fig. 3 indicate that if the minim support in GSP
analyzing the main sequence is comparatively s(leds than 1500 with
the examined data set), GSP finds many more freéggeguences than
ProMFS. But the results of ProMFS with the matriXrequent distance

are better than with the matrix of average distance

Databases are designed for programs to processnatitally; text is
written for people to read. Text mining methods da@ used in
bioinformatics for analysis of DNA sequences. A DNgequence
(sometimes called a genetic sequence) is a suooess letters
representing the primary structure of a real or dtlgptical DNA
molecule or strand, The possible of sequence $etter A, C, G, and T,
representing the four nucleotide subunits of a DBWand (adenine,
cytosine, guanine, thymine), and these are typicplinted with no

spaces between them, as in the sequence AAAGTCTGAC.

We have worked with real DNA data from ftp://ftplbnoih.gov/genbank/

(34565 Homo sapiens chromosome 1 genomic cofizg.is 250 Mb.

The results are shown in Fig. 6 and Fig. 7.
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General conclusions
Two implementations of the Generated sequencerpd&SP) algorithm

and a recursive algorithm have been examined. ifsieifplementation
disregards saving memory, while the second onemmeis the memory
consumption. Both implementations and a recurslgerdghm are time
intensive. Therefore, intense memory use requietstively little time
and is observed in case of large data sets. The rbesory saving
algorithm is recursive algorithm, because this algm uses memory just

for frequent sequences, but not for all generasediclates.

The new algorithm ProMFS for mining frequent sequesnwith matrix of
frequent distance has been proposed. It is basedhenestimated
probabilistic-statistical characteristics of thepagrance of elements of
the sequence and their order: the probability of edement in the
sequence, the probability for one element to apatar another one, and
the frequent distance between different elementghefsequence. The
algorithm builds a much shorter new model sequemo® makes the
decision on the main sequence in accordance teethdts of analysis of
the shorter one. The model sequence may be analydtle GSP or
other algorithm for mining frequent sequences: tinequency of
subsequences in the main sequence is estimatetiebyesults of the

model sequence analysis.

The experimental research indicates that the ngarithm modification
enables saving the computation time to a largenéxded loses fewer
sequences compared with the older algorithm matiba. It is very

important when analyzing very large data sequences.
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DAZNU SEKU PAIESKA DIDELIUOSE DUOMEN U
MASYVUOSE

(daktaro disertacijos santrauka)

Aktualumas

Pastaruoju metu, spaai vystantis informaciéems technologijoms
bei greitoms ir efektyvioms duomersaugojimo beiraSymo formoms,
visuomer ,uzpludo“ didziuliai informacijos bei duomen srautai IS
pafiy jvairiausiy sriciy. Dabar kiekvienos imonés (komercigs,
gamybires, medicinigs, mokslires ir t.t.) veikloje vykstaijvairiausiy
ira; registracija ir jvairiapugs informacijos apieimonrés veikh
saugojimas bei kaupimas. Be produktyvaus Sios mmdaijos apdorojimo,
Sie duomenys su laiku gali pavirstvisiSkai bevetia ,SiukSliy”“ kriva.
Visi Sie duomenys gali pasizyitn Siomis savybmis:

e duomenys gali téti neribot dyd;

e duomenys galiiiti jvairiy tipy (loginiai, skaitiniai, tekstiniai);

e rezultatai turi loti konkrets ir aiskis;

e programiniaijrankiai, apdorojantys Siuos duomenis, tuitib
paprasti naudojime.

Tokiu bidu labai aktualu rasti tarpysidideliy duomem masyw
mums svarli informacip, kuria bty galima panaudoti ateityje. Kitais
zodziais tariant, iS didet masgs duomen reikia atrinkti informacijos
Jperlus®. Tai ir yra pagrindinis duomengavybos tikslas. Vienas iS
svarbiausi jos tiksh yra dazm pasikartojamum radimas. Dar visai
neseniai bet kuriai informacijos apdorojimo sistempakakdavo spisti
jvairius paieskos (surasti, kur ir kiek kamasikartoja nurodytagasas)
arba statistinius uzdavinius: koks yra vidutinis aawgumas

(gimstamumas, nusikalstamumas) respublikoje, duetaiamone, per
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kazkol laikotarp ir t.t.. Duomem gavybos technologijos nagéa Siuos
duomenys zymiai sutingiau ir pateikia gana detalius Sios angiz
rezultatus. Duomepgavyba leidzia atsakyii klausimus, kokie zodziai
dazniausiai pasikartoja tekste, kpkikriteriju visuma turi jtaka
avaringumui (gimstamumui, nusikalstamumui) resgdp, duotame
rajone ar per kazkghaiko tarp. Ne kg mazesa svarla duomem gavyba
turi medicinoje, nustatant zmogaus genodad kriterijus, pagal kuriuos
Zzmores serga viena ar kita liga. Taip pat duomegavyba yra populiari
bankininkysgje, nustatant kokius kriterijus atitinka znésn kurie negali
grazinti paskol.. Prekybininkai irgi savo veikloje naudoja (arbaliga
naudoti) duomew gavybos metodus, nustatant populiariauprekiy
.Krepselius®, kurie buvasigyjami pirkéju vieno apsipirkimo metu.
AngliSka termirmg data mininggalima luty iSversti kaip ,duomeun
gavyba“ arba ,duomankasyba“. Tdiau nei vienas iS giterminy néra
pakankamai iSsamus ir iki galo neatspingivakos prasrms. Daznai su
minétu terminu yra siejamas terminamiy (iS)gavimas iS duomarbazs
(angl.knowledge discovery in databayésintelektine duomen analiz.
Siuos terminus galima laikytdata mining sinonimais. Si terming

atsiradinma salygojo nauji duomen analizs metodai.

Tyrimo objektas

Disertacijos tyrimo objektas yra duomemavybos (angl.data
mining technologijos algoritmai, skirti nustatyti dazndisagmentus.
Nagringjamas atskiras duomengavybos atvejis, kai duomenys yra
paprasti simboliai. Disertacijoje aprasytuose tyrase duomenys yra

dideks apimties tekstiniai failai, kuriuose bus ieSkamazn; sek;.

Mokslinis naujumas
Disertacijoje sukurtas, iSnagétas ir realizuotas naujas tikimybinis

algoritmas, kuris remiasi elemearppasirodymo duomenyse tikimy/gimis

24



charakteristikomis. Sis algoritmas yra apytikskaiiau veikia Zymiai
greiau nei tikslieji algoritmai. Tokiu #du jis yra naudojamas tais
atvejais, kai dl zenkliai didesnio pakankamai gerezultatt gavimo

grekio, galime paaukoti tikslum

Tyrimo tikslai ir uzdaviniai

Pagrindinis mokslinio tyrimo tikslas yra iSnagtin kelis
populiariausius dainseky nustatymo algoritmus ir juos modifikuoti, o
taip pat sukurti nagj algoritmg specialiems uzdaviniams gpti. Tam
tikrais atvejais tenka ,aukoti* tikslusntam, kad gautume kuo géeu
pakankamai gerus rezultatus. Tokiudh pagrindinis disertacijos tikslas
yra pasilyti apytiksli, bet grei4 algoritma, kurio pagalba galimaitiby
surasti daznas sekas bei nustatysely iSsamum.

Siekiantjgyvendinti suformuluotus tikslus, reikia iSgpti tokius
uzdavinius:

1) iSnagrirgti dazniausiai naudojamus dazeek) nustatymo bdus
bei algoritmus;

2) realizuoti GSP Generate Sequence Patternh algoritmg ir
iISanalizuoti jo veikim su testiniais duomenimis;

3) modifikuoti realizueg GSP algoritm. ISanalizuoti  Sias
modifikacijas su testiniais duomenimis;

4) patikrinti algoritmo modifikaciy grekio priklausomyls nuo
duomem dydzio, simboly aibés duomenyse, o taip pat priklausorayb
nuo tam tikg daznas sekas apsprendaiaparamety (pvz. minimalaus
daznumo);

5) sukurti ir realizuoti nawgj apytiksi algoritma, kuris remiasi
element pasirodymo duomenyse tikimylgimis charakteristikomis;

6) palyginti § algoritma su tiksliuoju algoritmu (fasy atveju
modifikuotu GSP algoritmu);
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7) iSnagriti Sio algoritmo tikslumo priklausomyb nuo jvairiy
pacio algoritmo ir duomen charakteristily;

8) realizuoti ki naujojo algoritmo variaat ir iSnagrireti jo
privalumus bei trukumus;

9) iSnagrirkti realius duomenis su naujai pagtu ir modifikuotu

GSP algoritmu. Palyginti nag&épmo rezultatus.

Rezultatai
Disertacijoje buvo nagrijama dazn seky paieSka dideliuose
duomem masyvuose. Buvo atlikti tokie darbai:

¢ Modifikuotas GSP dainsek; nustatymo algoritmas.

e ISnagrirttas GSP algoritmo realizavimo udlas, panaudojant
rekursin dazm seky nustatymo bda ,gilyn“.

e Algoritmai palyginti pagal laiko ir atmintiesusaudas.

¢ Algoritmai palyginti pagal nagrigjamos duomembazs pohidi.

e Realizuotas naujas tikimybinis algoritmas ProMFS dsiem jo
modifikacijomis: naudojant vidurki matri@ bei dazniausi
atstumy matric.

e Pateikti tikimybinio algoritmo su dviem modifikaoinis ir tikslaus
GSP algoritmo palyginimai pagal laikaraudas, tikslum ir Siy
charakteristily priklausomylg nuo fail; dydzio bei elementkiekio
nagrirgjamame faile.

e Buvo iSnagrigti realis duomenis su naujai pabitu ir

modifikuotu GSP algoritmu ir pateikti nagéimo rezultatai.
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