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Abstract

The aim of this paper is to present an overview of six indepahdomputational methods for the selection and
prioritization of candidate genes for human diseases atlder than selecting a best method, to offer the prospective
user a better understanding of the inputs, outputs and iumadity of each available method. A survey of these
methods also offers the bioinformatics community an oppoty to assess the efficacy of current computational
approaches to disease gene identification, and informsefdiivections for research in this field.

Keywords: candidate gene selection, prioritization, data miningt, teining, human hereditary disease.

1. Introduction chromosomal location and its properties [11].

Few areas have moved as fast as human disease gerlénlike Mendelian traits, in which a mutationin one gene
identification. Before 1980, very few human genes had is causative, or oligogenic traits, where several genes are
been identified as disease loci. In the 1980s, advancesufficient but not necessary, complex traits are caused by
in recombinant DNA technology allowed a new appro- Vvariation in multiple genetic and environmental factors,
ach, positional cloning, sometimes given the rather me- none of which are sufficient to cause the trait [8]. The
aningless label "reverse genetics" [11]. The number of contribution of any given gene to a complex trait is usu-
disease genes identified started to increase quickly. Nowally modest. In addition, complex traits often encompass
the human and other genome projects have made avaia variety of phenotypes and biological mechanisms, ma-
lable a vast range of resources - maps, clones, sequenking it difficult to determine which genes to study [7].
ces, expression data and phenotypic data. Identifying N o

novel disease genes has become commonplace and i8S & result, traditional methods of genetic discovery,
currently occurring on a weekly basis. Some of the rou- Such as linkage analysis and positional cloning, while
tes that have been followed to identify human disease Widely successful in identifying the genes for Mende-
genes summarizes Figure 1. If the figure seems Comp"_!lan traits, have had more .I|m|ted success in |dent|fy—
cated, that is because there is no standard procedure fol"d genes for complex traits. Candidate gene studies
gene identification. All pathways converge on mutation Nave had encouraging success, yet this approach requi-
testing in a candidate gene, but there is not one singlef®S an effective method for deciding a priori which genes
entry point, and there is no unique pathway to the candi- have tr_le greatest chance of m_fluencmg §uscept|bll|ty to
date gene. For discussion of the principles, we can divide the trait [3]. Recent advances in genotyping technology
the methods into those that do not require us to know Nave provided researchers with the ability to test associ-
the chromosomal location of the disease locus and those?tion in hundreds of genes relatively quickly, and even
that depend on this knowledge. Most genes are identi-the entire genome through a genome-wide association
fied by defining a candidate gene on the basis of both its Study.

PhD Conference '07 2 ICS Prague



Jana Adaskova

Computational Systems for Selection of Candidate Genes

Al Bl c1 D1 E1
Mapped Candidate Collact Ganatic Successiully
animal chromesamal families mapping: located?
homalog? reqion? for mapping gename ssarch
¥ 3
\f‘ l
: ¥ + Ny
A2 B2 c2 Dz E2
Cloned Check databases Chromosamal Clona the Think again
animal for genes deletions or chromoasomal about mode of
homolog? mapping here translocations braakpaints Inheritance,
heteroganeity
| YYY
A3 B3 D3 E3
Search Possible Identify Think again
genatic candidata -+ naw el about
databases gene? human geness candidate genes
(goto A2, A3, D3)
A
L 4
B4 D4
Has it been N Wark out
Tully IE= full struciure
characterized? i and sequence
b
| cs D5 ES
Collect Lock Pathogenic
» unreiated — for | mutations
I patients mutations found?
L
ki
A
D * kW
Laboratory work * Success! *
* * *

Figure 1: Scheme of the routes to identify human disease genes.

Therefore, one of the greatest challenges in disease asindependent methods and what we believe to be useful
sociation study design remains the intelligent selection illustration of application of these methods.

of candidate genes. For this reason, during the past five

years, the problem of automating the prioritization of

candidate genes to inherited diseases has received in2- EXisting methods

creasing attention from the bioinformatics community.

Computational approaches were made possible due tgNote: Detail information about data sources and ontolo-
the availability of the complete human genome sequencegies used in methods are listed in Table 1 at the end.
and to considerable developments on database anno-

tation and data integration for molecular biology da- 2.1. PROSPECTR

tabases [10]. As a result, a number of methods that ad-j; ¢4 pe shown that genes implicated in disease share

dress this problem have been published. These methodgetajn patterns of sequence based features that can pro-
apply a variety of approaches exploiting known or dedu- \;iqe 4 good basis for automatic prioritization of can-
ced pieces of information that range from using only the gigate genes by machine learning [2]. PROSPECTR
genomic sequence of the target region to data mining (PRiOrization by Sequence &PhylogeneticExtent of
analysis that include literature and different annotation ~5ndidare Regions) is an alternating decision tree

systems. In this paper we present more details about sixyhich has been trained to differentiate between genes
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likely to be involved in disease and genes unlikely to be you may simply enter the name of the disease; The soft-
involved in disease. This alternating decision tree with ware will automatically retrieve genes implicated in that
fifteen nodes was produced by training on the training disorder from databases OMIM, the HGMD and GAD).
set of genes. PROSPECTR requires only basic sequencd his list is known as the "training set".

information and by using this sequence-based features

like gene length, protein length and the percent identity Each gene in the region of interest is then scored au-
of homologs in other species as input a score (rangingtomatically on its suitability as a candidate for further
from O to 1) can be obtained for any gene of interest. Study based on four lines of evidence: first by PRO-
The score itself is a measure of confidence in the classi-SPECTR gee aboveon the basis of its sequence fea-
fication. Genes with scores over a certain threshold, 0.5, tures, second by the extent of coexpression with the tra-
are classified as likely to be involved in some form of ining set based on GNF (Genomics Institute of the No-
human hereditary disease while genes with scores undewartis Research Foundation) expression data (scores de-
that threshold are classified as unlikely to be involved in Pend on how well correlated any matching profiles are),
disease. Given this score we can also roughly estimatethird by the number of rare (found in5 % of all pro-

how much more or less likely it is that a particular gene t€ins) InterPro domains shared with the training set and
is involved in human hereditary disease. finally by the level of semantic similarity that the GO

(Gene Ontology) terms assigned to it share with the GO
Tests on an independent data set of genes taken fronterms assigned to genes in the training set [1]. The four
the Human Gene Mutation Database suggest that PROscores are then combined. Each score is weighted de-
SPECTR will, on average, enrich a list of about 200 ge- pending on the amount of information available for each
nes two-fold 74 % of the time, five-fold 33 % of the time line of evidence. If little or no information is available
and twenty-fold 8 % of the time. 95 % of the time the list then the importance of that score is decreased accordin-
was enriched one and a half fold - that is to say that the gly. This ensures that the scores of genes which lack suf-
target gene was in the top three-quarters of the rankedficiently detailed GO terms or expression profiles do not
list [2]. suffer from annotation bias.

The web interface of PROSPECTR allows researchersThe final score ranges from 0 to 100. Higher scores re-
to obtain a ranked list of genes ordered by the sco- present better candidates. The list of candidate genes
res for regions of the genome or individual gene of ranked by score is presented as the graphical overview of
interest. The software is now freely accessible toge- region of interest which is a hyperlinked image map that
ther with training and test sets of genes at URL: can be used to obtain more detailed information about
www.genetics.med.ed.ac.uk/prospectt/ . each candidate gene and the reasoning behind its score.

SUSPECTS significantly improves on the performance
2.2. SUSPECTS on candidate prioritization methods which use an-

SUSPECTS s a consolidated candidate gene approacifiotation or sequence data alone and is of value
that combines the increased precision of annotation-© researchers faced with large regions of interest.

based methods with the better recall of sequence-baset?uSPECTS IS freely available on the World Wide Web
methods. Given a set of existing candidate genes for a@t Www.genetics.med.ed.ac.uk/suspects/.

particular complex or oligogenic disease, it effectively
autpmates furthe_r Cz_;mdidate gene s_election _from Iar_ge2_3_ Disease Gene Prediction (DGP)
regions on the principle that genes involved in that di-

sease will tend to share the same or similar annotation,DGP (DiseaseGene Prediction) is a database of hu-
reflecting common biological pathways [1]. In princi- Man genes with their probability of being involved in a
ple SUSPECTS is built on top of the PROSPECTR can- hereditary disease. The genes that are already known to
didate prioritization system by incorporating annotation Pe involved in monogenic hereditary disease have been

data from Gene Ontology (GO), InterPro and expression shown to follow specific sequence property patterns that
libraries. would make them more likely to suffer pathogenic mu-

tations. Based on these patterns, DGP is able to assign
The server takes two inputs - firstly, the coordinates of probabilities to all the genes that indicate their likeli-
the genomic region that you are interested in. You can hood to mutate solely based on their sequence proper-
specify this using markers, bands, chromosomal coordi- ties. This probability has been assigned with a data mi-
nates or genes. The second input is a list of genes thou-ning algorithm using parameters that have been shown
ght to be involved in pathogenesis of the same complexto follow specific trends in the already known disease
disease as the one you are interested in (as a shortcutgenes. In particular, the properties analysed by DGP are
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protein length, degree of conservation, phylogenetic ex- tation Database (TBASE), and the Mouse Locus Catalog
tent and paralogy pattern [6]. (MLC) for gene expression patterns and phenotypes in

mice [4]. The output of the analysis is presented in four
The performance of this method has been assessed prembles: (1) A list of human genes in the correct gene-
viously on a test dataset by building a model with a part tic region and matching the specified expression profile,
of the data (learning set: 75 %) and testing with the rest (2) a list of mouse genes matching the syntenic region
(test set: 25 %). On average 70 % of the disease genegs well as the expression profile, but with no matching
in the test set were predicted Correctly with 67% preci- human gene name, (3) a list of mouse genes found in
sion [6]. Genes involved in complex diseases, similarly the syntenic region in mouse, for which the homologous
to monogenic disease genes, need to have mutations ohuman gene is found to map outside the critical interval,
variations in the gene sequence that impair or modify and (4) a list of all the remaining human genes that are

the function or expression of the protein they encode, present in the genetic interval, but which do not match
leading to a disease phenotype. Thus, we believe thatthe expression profile.

although DGP has been designed for the prediction of
Mendelian diseases, it can also be useful for the iden-In a test using 10 syndromes, GeneSeeker reduced the
tification of complex-disease genes as it will identify candidate gene lists from an average of 163 position-
those genes with higher likelihood of suffering mutati- based candidate genes to an average of 22 candida-
ons. DGP is freely available on the World Wide Web at tes based on position and expression or phenotype [4].
http://cgg.ebi.ac.uk/services/dgp/ . Though particularly well suited for syndromes in which
the disease gene shows altered expression patterns in the
affected tissues, it can also be applied to more complex
2.4. GeneSeeker diseases.
GeneSeeker is a web-based data mining tool that filters
positional candidate disease genes based on expression i
and phenotypic data from both human and mouse. It 2-5- Genes to Disease (G2D)
gueries nine different databases through the web, gua-G2D (Genes toDiseases) is a web resource for priori-
ranteeing that the most recent data are used at all ti-tizing genes as candidates for inherited diseases using
mes and removing the need for local repositories, and a combination of data mining on biomedical databases
then combines this information using Boolean operators. and gene sequence analysis. It uses three algorithms
This results in a quick overview of candidate genes in based on different prioritization strategies. The input to
the genetic region of interest. The GeneSeeker system ighe server is the genomic region where the user is lo-
built in a modular fashion, making it easy to maintain oking for the disease-causing mutation, plus an additi-
and expand [4]. The GeneSeeker is freely available via onal piece of information depending on the algorithm
the web interface at www.cmbi.ru.nl/geneseeker/ . used. This information can either be the disease pheno-
type (described as an Online Mendelian Inheritance in
The input for GeneSeeker is the genetic mapping in- Man (OMIM) identifier), one or several genes known or
formation. This can be a chromosome, a chromosomesyspected to be associated with the disease (defined by
arm, or a range and if necessary, a combination of ge-their Entrez Gene identifiers), or a second genomic re-
netic localization can be also entered. Second input is gion that has been linked as well to the disease. In the
the tissue names where either direct RNA expression oratter case, the tool uses known or predicted interacti-
phenotypic expression of the candidate gene is expec-ons between genes in the two regions extracted from the

ted. The query entered by the user is pre-processed foISTRING (Search Tool for the Retrieval of Interacting
Human and Mouse databases and subsequently reforproteins) database [9].

mulated into the format appropriate for each database.

GeneSeeker uses the Genome Database (GDB) and th&éhe G2D system scores all terms in GO (Gene Onto-
Online Mendelian Inheritance in Man (OMIM) to obtain  logy) according to their relevance to each disease star-
human mapping data. Genes searched in specified chroting from MEDLINE queries featuring the name of the
mosome location in humans are also translated with thedisease. This is done by relating symptoms to GO terms
aid of an "Oxford-grid", to search the appropriate Mouse through chemical compounds, combining fuzzy binary
databases (e.g. Mouse Genome Database (MGD)). Theelations between them previously inferred from the
key tissues affected by the genetic disorder are used towhole MEDLINE and RefSeq databases. Then, to iden-
guery phenotypic or expression related databases, inclutify candidate genes in a given a chromosomal region,
ding the OMIM phenotype fields, Swissprot, and Med- G2D (Genes to Diseases) performs BLASTX (search
line for data on human phenotypes and the Gene Ex-protein databases using a translated nucleotide query)
pression Database (GXD), the Transgenic/Targeted Mu-searches of the region against all the (GO annotated) ge-
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nes in RefSeq. All hits in the region with an E-valke data source independently based on the relevance of the
10e 1Y are registered and sorted according to the GO- ontology terms with which they are annotated. Third, the
score of the RefSeq gene they hit (the average of theindividual gene lists are integrated to provide a single
scores of their GO annotations) [10]. ranked list of candidate genes that combines evidence

from all data sources [5].
The output in every case is an ordered list of candi-

date genes in the region of interest. For the first two of CAESAR can be used to prioritize a smaller number
the three methods, the candidate genes are first retrie-of candidates within a region of linkage, or to pri-
ved through sequence homology search, then scored aceritize among polymorphisms annotated with ranked
cordingly to the corresponding method. This means that genes that show significant association in a genome-
some of them will correspond to well-known characte- wide study. However this method is particularly valu-
rized genes, and others will overlap with predicted ge- able for complex traits, which may be affected by a wi-
nes, thus providing a wider analysis [9]. G2D is publicly der array of biological processes, some of which may
available at http://coot.embl.de/g2d// . Additionally, i not have been directly implicated by previous studies.
is possible to access from this server a database of pre<CAESAR also reports the evidence supporting the pri-
calculated results for more than 550 monogenic diseasesritization rank of each gene, allowing an investiga-
on published linkage regions using the phenotype me-tor to trace the line of reasoning and to exercise his
thod. or her own judgment as to its validity. Thus, it can be
seen as a very sophisticated aid to prioritization [5].
In a test with 100 diseases chosen at random from Currently, CAESAR can only be accessed by downlo-
OMIM (Online Mendelian Inheritance in Man), using ading and running locally. Test data can be downloaded

bands of 30 Mb [the average size of linkage regions], from http://visionlab.bio.unc.edu/caesar .
G2D detected the disease gene in 87 cases. In 39 % of

these it was among the best three candidates, and in 47 %n a test of its effectivhess, CAESAR successfully selec-

among the best 8 candidates [9]. ted 7 out of 18 (39 %) complex human trait susceptibility
genes within the top 2 % of ranked candidates genome-
2.6. CAESAR wide, a subset that represents roughly 1 % of genes in

the human genome and provides sufficient enrichment
for an association study of several hundred human ge-
nes [5].

CAESAR (CandidAtE SearchAnd Rank) represents a
novel selection strategy in that it combines text and data
mining to associate genetic information with extracted
trait knowledge in order to prioritize candidate genes.
CAESAR exploits the knowledge of complex traits in )
literature by using ontologies to semantically map the 3. Conclusion and future work
trait information to gene and protein-centric information
from several different public data sources, including This short overview of six independent computational
tissue-specific gene expression, conserved protein do-methods for identifying candidate disease genes was gi-
mains, protein-protein interactions, metabolic pathways ven together with references to available literature and
and the mutant phenotypes of homologous genes [5].web tools. As shown here, computational prediction of
CAESAR uses four possible methods of integration to disease relevant genes must be regarded as an extremely
combine the results of data searches into a prioriti- hard problem, with probably no biomedical optimal so-
zed candidate gene list. In contrast to PROSPECTR, lution attainable at all. No computational system can se-
SUSPECTS, DGP and GENESEEKER, gene selectionlect candidate genes with certainty. More then ever, one
is not limited to one or more genomic regions, as all ge- cannot expect to predict these genes with high confi-
nes annotated in one of the databases are potential candence by one single method. Instead, information about
didates. candidate genes gained by different independent me-
thods has to be combined. Candidate genes selected by
CAESAR is Comprised of three main steps: text mining, more methods with very diverse data inputs may carry

data mining and data integration. It requires a body of more weight than a candidate genes selected only by
text (referred to as corpus) describing the biology of a using one single method.

trait as its only input. Recommended forms of input text

include published trait review articles and trait OMIM The presented paper should be seen as a small step of our
records. First, genes mentioned in the input text are iden-ongoing work, using computational methods to select a
tified and ontology terms are ranked based on their simi- subset of the most likely candidate genes in cardiovascu-
larity to an input text. Second, genes are rankd for each lar disease for their next empirical validation.
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Source URL Records Content
Ontology
MP Mammalian phenotype ontology www.informatics.jax.org 3850 Phenotype
eVvVoC eVOC anatomical ontology www.evocontology.org/ 394 Anatomy
GO bp Gene ontology biological process www.geneontology.org/ 9687 Function
GO mf Gene ontology molecular function www.geneontology.org/ 7055 Function
Database
OMIM Online Mendelian Inheritance www.nchi.nih.gov/ 16564 Disease
in Man
Gene Entrez Gene www.ncbi.nih.gov/ 32859 Gene
Ensemble www.ensembl.org/ 20134 Gene
SwissProt www.ebi.ac.uk/uniprot/ 13434 Expression
TrEMBL Nucleotide sequence database www.ebi.ac.uk/uniprot/ 57551 Expression
InterPro Protein domen database www.ebi.ac.uk/intepro/ 12542 Domain
BIND Biomolecular interaction www.bind.ca/ 35661 Interaction
HPRD Human protein reference database www.hprd.org/ 33710 Interaction
network database
KEGG Kyoto encyclopedia of genes www.genome.jp/kegg/ 209 Pathway
genomes pathway database
MGD Mouse genome database www.informatics.jax.org/ 7705 Phenotype
GAD Genetic association database | http://hpcio.cit.nih.gov/gad.html 8176 Association
GOA Gene ontology annotation database www.ebi.ac.uk/goa/ 27768 Function
RefSeq Reference sequence www.ncbi.nlm.nih.gov/RefSeq/| 10329 Gene
HGMD Human gene mutation database www.hgmd.cf.ac.uk/ac/index.php Gene
Mutation
GNF Genomics Institute of the Novartis www.hgmd.cf.ac.uk/ac/index.php Expression
Research Foudation database
MEDLINE http://medline.cos.com/ 10752796| References

Table 1: Information about data sources and ontologies used in rdetho
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Abstract

The aim of this paper is to present some methods used in forgesetics. Forensic genetics is only one part
of a wide spectrum of sciences called forensics. It includestification of victims of natural disasters, mass trans-
portation accidents and industry accidents. It also ineuidentification of offenders of a crime and determination
of paternity. Our current work involves analysis of the gémeata from the Czech population. Therefore and in
concordance with other international studies, we focus ethods used in analysis of the genetic profiles of the STR
(short tandem repeat) polymorphisms.

Keywords: forensic genetics, identification, STR, statistical meo

1. Introduction of the STR as decimal numberr. Although is it not
very common, the different lengths of the STR loci can

Within cells, DNA is organized into structures called be called alleles. As it was already mentioned one auto-

chromosomes and the set of chromosomes within a cellsomal chromosome consists of two parts, one from each

is called genome. All genes are arranged linearly along parent. Therefore there are two corresponding STR loci

the chromosomes. There are 23 pairs of chromosomesinand one allele is maternal and one paternal. By combi-

a human body. Almost every cell then contains two sets ning an information from several STR loci we get the

of chromosomes, one from each parent, 23 chromoso-genotype of the individual. In forensic genetics this is

mes inherited from mother and 23 from father. One chro- usually called the genetic profile. You can see one exam-

mosome is the sex chromosome and the others are calledple in Table 1.

autosomal chromosomes. There are areas at chromoso-

mes that we call loci. One locus can contain a gene, part locus ay _as | locus ar  as

of a gene or only short sequence of nucleotides - letters D3S1358| 17 18 | D16S539) 12 13

of the genetic code. Accordingly locus is only an area on THO1 8 93| CSF1PO| 10 12

particular chromosome described by its unique number, ~ D21S11 | 28 30 | PentaD | 10 13

The genes are, what give us lungs, brains, bones, hair- ~ D18S51 | 13 14| Amelo X Y

color, allow us to reproduce and think. But there is also PentaE | 5 10| VWA 16 16

plenty of DNA which is proved or believed to have no Dss8ls | 8 11| D8S1179) 13 13

effect on any processes in our body - the junk DNA. D13S317) 12 13| TPOX 11 11
D7S820 | 8 10 | FGA 21 23.2

In DNA there are places (loci) where patterns of two or _ _ i
more nucleotides repeat and where the repeated sequen- Table 1: Example genetic profile

ces are adjacent to each other. STR (Short Tandem Re-.. . .
. . Since the STR loci are very polymorphic, they are some-
peat) loci are loci, where we observe not very large count

of those repetitions. The pattern repetition lengt) ( tmes called STR polymorphisms instead of STR lOC."
. . This polymorphous nature makes them very useful in
usually varies fron® to 10 letters of the genetic code. : : L
: ; forensic genetics. Second characteristics is that the STR
The number of adjacent sequences usually varies from

to 35. These counts do not need to be integers. If there loci typically lie |n_the non-coding region pf DN.A which
. . makes them the junk DNA. Therefore it is believed that
is only few (sayr) first letters (less than) of the pat-

tern sequence at the end of the loci we write the length selection pressure does not influence these loci.
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The genetics profiles are useful in situations when we 2.1. Homo- and heterozygosity

are looking for particular individuals. In other situati- An individual is called homozygote when its both alle-
ons the individual profile information can be neglected g of one gene are the same and it is called heterozy-
and the database helps to estimate the aIIe_Ie_frequenciesgote if the alleles differ. When analysing the STR data,
Letn denot_e the tot.al number of alleles existing on one the individual is homozygous if it inherited both alleles
Iocu_s. The information from thaF IQCUS can than be.sum- of the same length. The individual is heterozygous if the
marized into a Table 2 whewg; (i,j =1,...,n,1 < j) allele lengths differ. The proportions of homo- and hete-

are the counts of observed genotypes in the population. .,y individuals in population is called homo- and
Because it is usually not possible to determine which al- heterozygosity

lele was inherited from which parent, the the upper right

corner of the table is empty with the genotype counts | et us assume that there are either heterozygotes or
added to the bottom left corner of the table. homozygotes in the popu|ation. L&t be the number

of successes (either choosing heterozygote or homozy-
gote from population). ThetX might be supposed to
be a random variable with binomial distribution taking
values0, 1, ..., ng4, Wheren, is the total sample size.

| al a2 DRI an
ay | gi1
a2 | gi2  g22

As long as the proportion of heterozygotes (or either ho-

mozygotes) is usually not close fioor 1 and we expect
Table 2: General genotype table the sample size, be more tha0 with n,p being more

than5, the normal approximation should perform well.

In this paper we start with explaining the terms homo- ety = r/n4, wherer is the number of successes and

and heterozygosity. Then we turn to average match pro-;, . number of observed genotypes, be the proportion of

bability, discrimination power, polymorphicinformation  syccesses estimated from the sample. The confidence in-

content, average exclusion probability and typical pater- terval is then

nity index. All statistics presented here will also be de-

mostranted on one locus from [1] and as future work will . p(1—p) . (1 —p)

be implemented into the R package forensic [2]. We take |P ~ #1-a/2 Tvp + Z1—a/2 g

the STR locus denotef?13.5317. All information form

Qnp gin 92n e Inn

(1)

this locus is summarized in Table 3. wherez; _, , is thel — /2 quantile of a standard nor-
38 9 10 11 12 13 14 15 mal distributionN (0, 1).

8 | 16
9|20 8 2.1.1 Example: Suppose we have collected ge-
10/ 19 3 3 notype data from 1134 people. Suppose the locus of our
11| 124 64 47 131 interest is theD135317 (see Tab.3) and that we obser-
12| 69 51 30 192 70 ved 894 heterozygous genotypes. The estimated hete-
13| 26 23 18 64 61 12 rozygosity is then
14| 10 7 5 27 24 8 O
15/ 0 0 0 0 2 0 0 O Y f1_93‘1 — 0.7884 @)

Table 3: STR locus D13S317 with 95% confidence interval being0.7634,0.8118).

Estimated homozygosity is analogously

~ ~ 24
, . ho=1—he= -2 _ 116 3)
2. Population Statistics 2000

with 95% confidence interval bein@.1882, 0.2369).

Homo- and heterozygosity, average match probability,
discrimination power, polymorphic information content,
average exclusion probability and typical paternity in- Let us assume that the innocent suspect is drawn from
dex are all straightforward statistics used in forensic ge- the same population as the offender but the two are not
netics. They help in planning and performing genetic closely related. DNA profiles of two individuals are dec-
experiments as well as in national programs for iden- lared to be a match if they exhibit identical genotypes.
tification of victims and crime offenders. For an polymorphic locus wittk alleles the average

2.2. Average match probability
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match probability [3][4] is opposite to the average match probability. The average
. . discrimination power is therefore defined as
p;n :Zp%(l)—i_ Z p%(iaj)a (4) Zfd: :[—p;n7 (6)
i=1 i=1,j=1,i<j

) . wherep;, is the estimated match probability from (4).
wheren is the number of possible alleles at the locus
and pyi? (i) and pjie(i, j) are estimated probabilities of 2.3.1 Example (cont.):  The average match
match with individuals being homozygous or heterozy- ,ronapility and average discrimination power for the
gous. Basically it is a sum of weighted proba_blhtles of D135317 locus are shown in Table 4. We can see that
homozygous and heterozygous genotypes. Since We asyith increasing coancestry coefficient the average match

sume the innocent suspect and the criminal to be drawnp,gpapility increases too and the average discrimination
from the same population, the weights are simply the power decreases.

same probabilities as the probabilities of drawing the of-

fender genotypes. | =0 6=0.01 6=0.03
— AMP | 0.0780 0.0833 0.0943
pp(i) = wih ADP | 0.9220 0.9167  0.9057
ho(; — aly. .
Pl = wiy ) Table 4: Average match probability (AMP) and Average dis-
with crimination power (ADP)
wi = pilf+ (1 —0)p] 2.4. Polymorphic information content
b = (26 + (1 — 6)p:][36 + (1 — 0)pi] The main contribution of polymorphic information con-
v (14 6)(1 + 26) tent (PIC) is in the genetic mapping, which plays very
and important role in genetics and particularly in genetic

counseling and research of hereditary diseases or disor-

2(1 — 0)pip; ders. For more details, please see [8]. Informativeness

R . in this context is represented by the probability that a gi-
200+ 0 —O)pilo+ (1 — G)pj)]7 ven offspring of a parent carrying the rare allele at the
(1+06)(1 +20) index locus will allow deduction of the parental geno-
wherep; andp; are the estimated allele frequencies and YP€ at the marker locus. The marker locus is then the
ij=1,...,n. polymo_rphlc locus where the informativeness has to be
determined.

Wij

Vg =

The quantityd is a number from the intervdD, 1). It o )
is the coancestry coefficient and describes variation in Polymorphic information content can then be calculated

allele proportions among subpopulations. Wies 0 as a sum of_ the probabil@ty of an offspring being infor_-
the whole population is in Hardy-Weinberg equilib- Mative multiplied by mating frequencies. The probabi-
rium. Hardy-Weinberg (HW) equilibrium assumes ran- !mes of matmg apd pr_obab|I|t|es of an offsprlng being
dom mating and random segregation of alleles in large !nformauve are given in [8]. The sum of their products
population, where there is no genetic drift and mutations 'S n nel n

occur randomly. For more details about HW equilibrium 1 A2 52 52

please see [5] and [6]. For populations such as USA, the pe=1 ;pz Z Z 2PiPj: @
recommended value @fis 0.01 and for small isolated
subpopulations it i9.03.

i=1 j=i+1
where n is the number of possible alleles at the lo-

cus andp; is the estimated frequency of thig allele

By taking # equal to0 the first formula from (5) sim- (¢ = 1,--.,n) atthatlocus.

plifies top;* which is equivalent of drawing four times
the i" allele from very large population. The second
formula from (5) then simplifies tdp;*p;* and this is

equivalent to twice drawing th#&" and;*" allele in pair.

The value of PIC varies fronf) to 1. the loci with
PIC > 0.5 are according to (7) called highly infor-
mative. Reasonably informative are loci with25 <
PIC < 0.5 and only slightly informative are loci with
PIC < 0.25. Loci with PIC nearl are most desirable.

In here we considered the index and the marker locus to
Average discrimination power [7] is a potential power be in nuclear families (one generation). Multigeneratio-
to differentiate between any two people drawn at ran- nal studies will probably allow more extensive compu-
dom from population. Here we see that it is the exact tation.

2.3. Average discrimination power
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2.4.1 Example (cont.): The estimated PIC for  denotes the*" locus examined and let us assume the
the D135317 polymorphisms i9).7507 which means  n; loci being independent. The overall probability of
that it is highly informative. The other loci from [1] are  exclusion is then
highly informative too. Their estimated PIC varies from

0.5755 to 0.8832. PE=1-[1-7pey)...(1-pey).  (11)

2.5. Paternity testing

In paternity testing we first try to exclude men not being 2.5.2 Example (cont):  The estimated ave-
fathers of the selected child. After we have only few men @g€ €xclusion probability and its approximations for the
left we try to determine if the selected man is the father 139317 locus are shownin Table 5.

of the selected child. In the following subsections we | acc.to (8) acc.to(9) acc. to (10)

will assume that a mother of selected chi!d is undoub- AEP | 05823 05776 06215

tedly known and that there were no mutations occurred

at alleles. Table 5: Average exclusion probability (AEP)
2.5.1 Average exclusion probability: ~The se-  The most accurate estimate of AER)i5823

lected man is certainly not a father of the selected child

in two cases: The child does not have any allele that 2.5.3 Typical paternity index: Typical pater-

could be inherited from selected man. Knowing the al- nity index [9] is defined as

lele inherited from mother, the child’s second allele does

not come from selected man. From previous words we .

see that the exclusion probability closely corresponds to PI=

heterozygosity. The ability to exclude selected man from

being father higher as the proportion of heterozygotes in \yherejs, , .1..5:0m is the estimated average exclusion pro-

population rises. In remaining cases we can compute theppjjity.

probability of excluding any person from being father.

This assumes reliable estimate of allele frequencies.  Unfortunately, very often only the roughest approxi-
mation of pesciusion (10) is taken into account when

The calculation is given in [9]. Computation of the ex- ca|culating the typical paternity index. Further taking
pected exclusion probability is not difficult having esti- 1 4 1. ~ 92 leads to

mated the heterozygosity (proportion of heterozygotes).

L (12)

1- ﬁemclusion

Then R 1
: : T )
ﬁemclusion - hAe [(1 — hAe =+ l{e )] (1 +1 6)(1 - 6)
~d o~ N A .
+  he [he(1 — he)), (8) PI = 21T (13)

wherere is the estimated heterozygosity. . . )
where thehe is the estimated heterozygosity.

Rougher approximations of this formula are given in ) ) )

[9]. Here they assume the heterozygosity being large Taking the estimate Qicciusion (8) we derive

enough, or close tb, and subsequently taket he =~ 2.

Then Pr — — _ A12 o _
1—he [(1—he+ he )] — he [he(l — he)]

A 1

PI = —, (14

~2 ~3 ~4 -5
1—he +he —he —he + he

ﬁemclusion = hA@Q(l - 266(1 - }56)2). (9)

This approximation s very often used in forensic articles

but proves unsatisfying whefe diverges formi. Ano-  where theie is the estimated heterozygosity.
ther even rougher approximation is takifig— ie) ~ 0.
This gives . .
g ) "2 2.5.4 Example (cont.): The estimated typi-
Peactusion = he . (10) cal paternity indices and its approximations for the

D135317 locus are shown in Table 6. Unfortunately, al-
For multilocus testing let us denote the estimated though the computation of (14) is very simple, some of
exclusion probabilitype,, where thei = 1,2,...,ny the approximations is used.
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| acc.t0 (12) & (9) acc.to (12) & (10)
TPI | 2.3675 2.6421

| acc.to (13) acc. to (14)
TPI| 2.3625 2.3939

[4]
Table 6: Typical paternity index (TPI)

The most accurate estimate of the TP2.i3939.

3. Conclusions

Short overview of population statistics used in forensic [9]
genetics was given together with some discussion and
references to available literature. As the areas of foensi
sciences and forensic genetics are very wide and it is
only recently that most of the genotype information is 6]
available, there is lots of matters to explore and inves-
tigate. In my prospective Ph.D. thesis | would like to
focus on statistical aspects of these statistics, testng a
sumption under which they hold and possibly develo-
ping new method for their estimation. (7]

Indispensable is also the development of R [10] - the
statistical software and its building blocks - R-packages.
Those separate ones usually contain methods and functi-
ons for more specific topics of statistics. There are g
currently two main R-packages available for genetic
computationsgeneticd11] andgap[12]. Geneticsfo-

cuses on classes and methods for handling genetic data.
Gapfocuses on data analysis of both population and fa-
mily data. Even though the R-packafgeensic[2] uses

some methods from the two packages mentioned above, 9]
its purpose rests on forensic genetics. In future | would

like to cooperate with it's authors to develop and include
more methods.
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Abstract

In this paper we deal with the problem of parallel solutiospérse linear systems. In particular, we are interested
in close coupling of the techniques which are typically ¢desed separately. On one side we have the graph parti-
tioning, on the other side we can obtain information from deeompositions of partitioned systems on individual
domains which typically represent the most time consummmgmonents of the whole solver. Our approach explo-
its analysis of the decompositions performed on these dwm&ortunately, a lot of this analysis can be performed
only symbolically, and before any decomposition starts. Wheve that it is possible to get much more balanced
decomposition, and significantly to improve the overall pomation in this way.

This paper presents the main idea of this new aproach andildesdts basic building blocks. Our final goal is
to transfer all these techniques to the field of precondéibiterative solvers, where we will face other challenging
problems related to proper partitioning of combinatoriadgerties of matrices.

1. Introduction and summarizes our tools. We consider it as a starting
pointin an interesting and unexplored direction.

It is well-known that graph partitioners and load balan- It is well-known that the elimination is directed by im-
cing techniques in general, suffer from many drawbacks plicit data structures like the elimination tree (in the sy-
of different kind. One of them is connected with the fact mmetric and positive definite case) and dag (in the ge-
that the goal of the graph partitioning do not exactly neral nonsymmetric case). These data structures provide
coincide with the best balancing of the computation. very inexpensively many quantities which can be used
Graph patrtitioning typically do include into its objective  for balancing the partitioning. In particular, we can com-
function only very simple criteria as balancing sizes of pute row counts and column counts of factors of the de-
domains, minimizing domain separator, balancing pa- composed matrix, supernodal structure of the matrix etc.
rallel load [4]. Multiobjective partitioning can include Based on those quantities, we can compute the num-
more explicit criteria but a problem arises in the case ber of floating-point operations needed for the decom-
when the best load balancing is determined mainly by position. We believe that this information can be explo-
animplicit criterion. This exactly happensin our case. ited in order to get better partitioning by an aposteriori

correction of the initial partitioning provided by a black-
Our case of interest is solving large and sparse linearhox efficient software like Metis. In this case we repar-
systems by direct methods or by preconditioned itera- tition the matrix still before the decomposition starts.
tive methods. In this situation, for a perfect balancing We assume that the future theoretical results will extend
of the computation we need to achieve similar operation those given in [12]. The case of incomplete decomposi-
counts in decompositions of smaller systems on the do-tions seems to be even more challenging. There are two
mains, at least. Fortunately, direct solvers and some in-reasons why this is so. First, the data structures which
complete decompositions offer a couple of tools which we have available in complete decompositions are of li-
are useful for estimating of operation counts. If we are mited use here. Second, incomplete decompositions are
able to exploit these tools during the partitioning we typically much faster, and the strategy of the repartitio-
can successfully balance the computation. As mentio- ning should be very fast as well, in order to be practical.
ned above, this paper mainly formulates our problems
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The structure of the paper is as follows. In the first partition that is very far away from being optimal. In
section we will describe the problem of graph partitio- other words, optimal recursive bisection may not lead to
ning. We will emphasize the problems which the stan- a goodk-way partition [14]. Bisection techniques have
dard “undirected” paradigm of the graph partitioning several inherent shortcomings. For instance, bisection
may face. Second section summarizes some basic toolgalgorithms are unable to accept a less attractive initial
related to the sparse direct decompositions. Then we will cut which would allow lot of savings in later cuts.

mention incomplete decompositionsin Section 3 and ex-

plain our ideas related to the partitioning in Section 4. A specific class of graph partitioning algorithms which
We will conclude the paper by some notes on the algo- includes other techniques as special cases is called the

rithmic and theoretical development of the ideas which multilevel algorithm [6]. The basic structure of the mul-
we introduced in this paper. tilevel algorithm is very simple. The graph G is first

coarsened to a reduced quantity of vertices, then a bi-

section of this much smaller graph is computed, and
2. Graph partitioning then this partition is projected back towards the origi-
nal graph (finer graph), by periodically refining the par-
tition. Since the finer graphs have more degrees of free-

Graph patrtitioning is one of very important auxiliary \
dom, such refinements usually decrease the edge-cut.

problems for solving large, sparse systems of linear

equations of the formlz = b. In its most general form, . . : .
the aranh partitioning problem asks how best to divide Formally, the multilevel graph bisection algorithm can
graph p 9p be described as follows: Consider a weighted graph

a graph’s vertices into a specified number of subsetsG — (Vi, Ey), with weights both on vertices and ed-
such that the number of vertices per subsets are roughly é)s A modltil(()a\}el graph bisection algorithm consists of
equal and the number of edges crossing the subsets i he i‘ollowing three phases
minimized. In the following we will explain its basic fe- '
atures using a simple notation.

Coarsening Phase: The gragh is transformed into
Consider an undirected gragh= (V, E) with possible a sequence of smaller graple;,Go,...,Gx
weights on its vertices and edges. The decomposition such thatVp| > |Vi|> [Va|> -+ > |V,
of V' into k disjoint subsetd/’, V5, ..., V%, such that

U, Vi = V is called thek-way partitioning of V. We Partitioning Phase: A 2-way partitioR, of the graph

will use the termsubdomairor partition interchangea- Gn = (Vu, En) is computed that partitions;,
bly to refer to any one of thedevertex sets. Thé-way into two parts, each containing half the vertices of
partitioning of V' is described by a vectaP such that Go.

P[i] indicates the partition number to which the vertex
¢ belongs to. The partitioning is said tut an edgee,

if its incident vertices belong to different partitions.&h
edge-cubf a partitioningP is equal to the sum of the
weights of the edges that are cut by the partitioning. The / e
partition weightof thei-th partition is equal to the sum \
of the weights of the vertices assighedifp Thetotal
vertex weighof a graph is equal to the sum of the wei-
ghts of all the vertices in the graph. Tlead-imbalance
of the k-way partitioning P is the ratio of the highest
partition weight over the average partition weigBts-
ection of graph is a division of its vertex set into two
subsets of comparable sizes.

Uncoarsening Phase: The partitiéty of G, is pro-
jected back ta7y by going through intermediate
partitionsP,,_1, P,,_o, ..., P1, Py.

The most commonly used aproach fomway partitio- Partitioning Phase
ning is to recursively bisect the graph. It first optimally
divides the graph into two similarly-sized parts and then Figure 1: Multilevel bisection

recursively divides the parts, until there are as many pie- _
ces as processors in parallel machine. Some other heuTwo approaches have been developed for computing

ristics have been proposed that applies quadsectioninghe k-way partitioning using the multilevel paradigm.
or Octsectioning in p|ace of the bisection [7] The first, already mentioned, called tmaltilevel recur-

sive bisectioncomputes thé-way partitioning by using
But the bisection may, in the worst case, produce a the multilevel paradigm by nested recursive bisections.
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The second one, called thmultilevel k-way partitio- associated withd, and letx;, x5, ..., z, be a sequence

ning, performs coarsening and uncoarsening only once. of its nodes. Moreover, [&f(F') be the associated filled

The resulting coarsest graph is directly partitioned into graph, wherd” = L + L7 is the filled matrix ofA. It is

k parts during the initial partition phase [10]. well known thatG(F) has the same set of nodes and it
is a supergraph aff(A). Let us remove all the nonzeros

The task of minimizing the edge-cut can be considered in each columnyj, j < n of L except for the first non-

as theobjectiveand the requirement that the partitions zero below the diagonal (it can be readily verified that

are of the same size can be considered aconstraint each of the first n-1 columns of L has at least one off-
) ) ) ) diagonal nonzero). LeL; be the resulting matrix and

There exist more generahulti-constraintand multi- F, = L; + LT. The graplG(F},) is a tree structure, and

objectiveinstances of the graph partitioning problem. j; yepends entirely on the structure of the original sparse
They compute the partitionings which simultaneously . 4+rix A4 and its initial ordering. We us&(A) to denote

balance multiple weights associated with the vertices s tree structure and refer to it as tamination tree
while simultaneously minimizing multiple objectives ¢ 4

associated with the edges. Specifically, in many emer-
ging applications there is a need to produce partitio- The following example will illustrate structures of the
nings that apprOXImater optimize muItIpIe objectlve SI- matrices A, F, and F; and the Corresponding graph

multaneously. An example is the problem of minimizing structuresi(A), G(F) andG(F,) = T(A).
the overall communications in parallel multi-phase engi-

neering computations. In particular, thaulti-objective
graph partitioning probleni10] [15] arises if we wish
to partition the graph vertices infodisjoint subdomain
with roughly equal vertex weights and minimizing the b
multiple objectives.

In our case, we do not have the information which could

be smoothly plugged into the objective available at hand. A=
Nevertheless, this information can be efficiently compu-

ted from the structures of the decompositions available

at the domains.

3. Elimination structures for direct methods

Graph elimination structures are nowadays fairly well
understood. We believe that they can be exploited to pro-
vide much better graph partitionings in terms of the ba-
lance and edge-cut size.

The crucial structure for symmetric and positive definite
matrices is thelimination tree It provides structural in-
formation relevant to the sparse factorization process.
The use of elimination trees is crucial in various pha-
ses of the direct methods as in matrix reorderings, for
sparse storage schemes, symbolic factorization, numeric
factorization. Its shape can be also formed differently in
different computational environments. In particular, row
and column structures of the Cholesky factor of a sym- Figure 2: Matrix 4 and the grapi@(A) associated with it
metric positive definite matrix can be characterized in
terms of its elimination tree [11]. In the following we Each matrix diagonal entry is labeled by the correspon-
will give some more details not only on the elimination ding node in the graph. Off-diagonal nonzeros are in-
tree but also on its extensions. dicated by 9" while "o" is used to denote a fill in the
matrix. A dotted line inG(F) is used to indicate a filled
Let A be a givem-by-n sparse symmetric positive de- edge in the graph.
finite irreducible matrix. Consider its Cholesky factori-
zation A = LLT. Let G(A) be the undirected graph Filled matrix I and corresponding filled graphi( F)
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Figure 4: Matrix F; and the elimination tre# (A)
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Note that some of the tree edgedifA) are filled edges
belonging toG(F") (for example, the tree edge between
nodes g and h). And finally here is the resulting matrix
F, and corresponding elimination tré§ F;) = T'(A)

The elimination treel’(A) has the same node set as
G(A) and it is a spanning tree of the filled grapt F')

of A. We define the node,, to be the root of this tree
T(A). This tree structure can also be obtained from
a depth-first search exploration of the undirected filled
graphG(F).

As we mentioned above, the elimination tree plays the
central role in the Cholesky factorization of sparse sy-
mmetric and positive definite matrices. In the case of
sparseLU factorization of nonsymmetric matrices, its
generalization can be used. We seek a structure that cha-
racterizes the lower and upper triangular factors in the
same way that elimination trees characterize Cholesky
factor [3]. Our generalization consists of a pair of spe-
cial directed acyclic graphs, calledimination dags

Let A be a nonsingular sparse unsymmertiby-n ma-
trix with nonzero diagonal that can be factoredAs=
LU, whereL is unit lower triangular and/ is upper tri-
angular. Thefilled matrix of A is At = L 4+ U + I.
Thefilled graphof A is the directed grapti(A™) of its
filled matrix. The lower triangular matriX has directed
acyclic graphG(L), which has the unique transitive re-
ductionG*°(L). This exactly means that we can find ano-
ther directed graph with fewer edges, but with the same
path structure. More in detail, thigansitive reduction
G° of a given directed graplyr satisfies the following
two conditions.

1. G° has a directed path fromato v if and only if
G has a directed path fromto v.

2. No graph with fewer edges that° satisfies the
condition (1).

Similarly, the upper triangular matri¥/ has directed
acyclic graphG(U), which also has a unique transi-
tive reductionG°(U). We call the two reduced direc-
ted acyclic graphsz°(L) and G°(U) the lower and
upper elimination directed acyclic graph®spectively.
We also refer to them collectively @timination dagof
the matrixA.

The dags for a given matrid and itsLU factorization
will be demonstrated in the following example.
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The LU factorization of this matrix creates three fill-in
entries, one inL a two in U. The fills are represented
in the figure by %". The figures 5 and 6 show directed
graphG(L) and corresponding elimination d&g (L)
and the figures 7 and 8 present the directed giG@fH)

and the corresponding elimination d&g (U ).

Figure 5: Directed graphG(L)

f b

—d—®

Figure 6: Elimination dagG° (L)

Figure 8: Elimination dagG° (U)

4. Incomplete decompositions

[ ]
g
g
“~ O O e

f

cient matrix./ LU preconditioning is based on compu-
tation factors andU, whereLU ~ A.

First common type of an incomplete factorization is
based on choosing of a set of matrix positions, and ke-
eping all positions outside this set equal to zero during
the factorization. The resulting factorization is incom-
plete in the sense that fill is suppressed. This approach is
sometimes called incomplete factorizatiop mask Its
special case is theLU factorization technique with no
fill-in, denoted byl LU (0), considers the zero pattern,
so that the factors need exactly as much space to store
as the original matrix. More accurafd.U factorizati-
ons differ fromI LU (0) by allowing some fill-in. Thus,
ILU(1) keeps the "first order fill-ins", a term that will
be explained briefly. The Incomplete Fill Path Theorem
describes a close relationship between the fill entries in
ILU (k) factors and path lengths in graphs [9] [13]. At
the completion of thé LU process, a fill-in entry in po-
sition (7, ) has level of fillk iff there exists a fill path of
lengthp + 1 betweeni andj. Second basic type is the
incomplete factorizatioby value which exactly means,
that if the magnitude of any computed entry is smaller
then a giverdrop tolerancer, we will keep it equal to
zero.

The basic idea of incomplete factorizations can be mo-
dified as follows: If the entry is nonzero, and fill is not
allowed in the corresponding position , dropped ele-
ments are added to the diagonal elements. Such a facto-
rization scheme is usually callednaodified incomplete
factorization

5. Graph partitioning and decompositions

The key questions which we would like to answer in
our work by further developing our ideas is in its sim-
ple form as follows. Are we able to decide which part
of one partition can be moved to another one to achieve
better balance of the decompositions? Are we able to do

Incomplete factorization preconditioning belongs to im- this by analyzing the elimination tree or dag? Can this
portant techniques useful for solving linear systems of knowledge be plugged-in into a graph partitioner? How

equations by iterative methods. Incompldi& facto-
rization, in short/ LU, where L andU are the lower

can be the balance restored by equivalent fill-in minimi-
zing reorderings? Are we able to be better in practice

and upper incomplete triangular factors of the coeffi- than standard parallel techniques?

PhD Conference '07
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The incomplete fill path theorem mentioned above may
imply a suitable basis for graph partitionings for which
one of the objectives is to balance the incomplete de-
compositions. May be that a preliminary analysis may
provide enough information for balanced partitionings.
Very cheap analysis may be based on matrix sparsifi-
cations. A strategy may be as follows. Let us the matrix
A sparsified intoA’. This means that some small ent-
ries of A were removed. Next step determines the elimi-
nation tree and counts nonzeros in the factor. This infor-
mation can be not only compared with the original ma-
trix but may be used for direct graph partitioning, or its
repartitioning explained above. In general, matrix elimi-
nation structures offer several additional structurés li
skeleton graph, which may be used for graph partitio-
ning in addition toG(A). Understanding their potential,
both theoretically and practically, will be our main goal.

K = — elimination tree
IEV 5"“\
A factor structure
feedback

Figure 9: Incomplete decomposition employing elimination
trees

6. Conclusions
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Abstract

Modern data assimilation techniques are being implementdte popular NWP (numerical weather prediction)
models. The most popular are either variational data aationi (3- or 4- dimensional) or various variants the en-
semble Kalman filter. This paper investigates the possitofitaking advantage of already existing data assimitatio
software for the probabilistic forecasts. Special attamis given to the case when weather forecast is used as the
input to another environmental model. The first results ier 3D-Var case are included.

1. Introduction continuous true state of atmosphere.

State of the art numerical weather prediction (NWP) and It is worth noting that model physics depends on the
to some extent also chemistry transport models (CTM) model resolution as well. Different resolutions of mo-
are used in a growing number of applications. NWP mo- del grids can require different set of equations descri-
del is often used merely as the first step and NWP outputbing the atmosphere. Classical example is the convective
is used as one of inputs to another model. This coupling Storm modelling in NWP models (see e.g., [1]). When
with another model is often designed with the “perfect” horizontal model resolution is larger than 10 kilometers,
weather forecast as the intended input. However the out-storms are of subgrid scale and parameterizations have
put from NWP model is never perfect. Usual sources of t0 be used to capture convective behavior of atmosphere.
errors involved in the NWP modelling are the imperfect On the other hand convective storms can be modelled di-
initial and boundary conditions, simplified model phys- rectly by the dynamical equations for a resolution finer

ics and finite resolution due to state space discretization.than 5 kilometers — parameterization shouldn’t be used
in this case. Horizontal resolution 5-10 km brings com-

Construction of initial conditions (so called “analysis” plications because the part of convection is resolved by
in NWP) is typically domain of the data assimilation. model dynamics and the rest should be parameterized.
Various kinds of observations are used together with the Incidentally, many recent developments in cloud physics
numerical model to get as good estimate as possible ofparameterizations lead to stochastic models (e.g., [6]).
real state of atmosphere. Modern methods of data assi-

milation usually work, directly or indirectly, with a sta-  If the model resolution is very fine (hundreds of me-
tistical model of model and observation errors. Con- ters), turbulent character of airflow impedes the deter-
struction of analysis can be seen as an estimation of theministic resolution of the time evolution. This is just
true state, given stochastic model and inaccurate measuanother example illustrating that even when we ignore
rements. Analysis is defined on grid of numerical model, other sources of errors, results of models of atmosphere
thus even hypothetic perfect analysis would differ from Wwill always be inexact. It is well known fact that accu-
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rate long term weather prediction is not possible due cases. This means that sometimes the information about
to sensitive dependence of atmosphere on initial con- prediction error is even more important than the value

ditions. Aforesaid arguments show that even errors of itself.

a short term forecasts are not just the result of simplified

description of reality. Even the fastest computers of the The first of listed cases is the example where a num-
future assimilating huge number of observations, using ber of classical methods of downscaling is being used

the best physics descriptions, and computing on very in practice. Assimilation of measurements (of wind or

fine grid will produce imperfect forecasts of atmosphe- Power production) back to the models is probably not
ric state regardless on prediction horizon. important. Prediction of power production for a number

of spatially distributed wind turbines can even help to
_ cancel local wind fluctuation and improve forecast skill.
2. Coupling examples Prediction is useful even without confidence intervals

but probabilistic forecast would be certainly an enhan-
To illustrate situations when imperfect NWP and/or cement.

CTM model output is used as the input to another
(coupled) model, let’s consider following examples: Importance of probabilistic forecast is the main diffe-
rence between the first and the second case. We are defi-
nitely interested in probability of road ice and a statisti-
cal model based on meteorological precursors could be
appropriate solution. The design of a statistical model
will depend on availability of historical measurements
and it could take into account the uncertainty in meteo-
3. Prediction of pollutant concentration in a speci- rological data.

fied place in an urban area.

1. Wind direction and speed in location of wind farm
or even specific wind turbine.

2. Prediction of road ice in given location.

The third case is an example when it makes sense to
4. Short-term prediction of wind field and of tracer assimilate local measurements back into the mesoscale
dispersion in the vicinity of accidental release du- model. This case is treated extensively in [4] and [5].
ring dangerous goods transport.
Final example is the most difficult among listed cases.
o ) There is usually not enough information to construct
All four cases are very useful applications of environ- gjther deterministic or statistical downscaling model.
mental modelling that show several common features. There s no fine resolution model of terrain for CFD mo-
We are interested in local properties of atmosphere andgejjing and there is no history of model and observations
locality is of essential importance in these cases. While \,51,es for statistical models — at least not at the time of
mesoscale NWP models and/or CTM are the best sour-o¢cyrrence of an accident. Classical downscaling me-

ces qfinformation available, they lack require(_j spacere- thods are not applicable in this case. We could profit
solution. We need another model whose role is to down- 5 the probabilistic forecast even without the down-

scale the prediction to the required location and resolu- scaling model however. For example the information
tion. about mesoscale wind field uncertainty could be use-

Models used for the downscaling vary depending on a _ful albeit it omits local factors (orography, landuse etc.)
odels u . W Ing vary depending P Such a probabilistic forecast is the topic of the next
plication and available data. The most widely investi- section

gated case of model output statistics is perhaps the first
case and models used in literature range from purely sta-
tistical regression and neural networks models to fine re-

solution CFD (Computer Fluid Dynamics) models. 3. Ensemble based modification of real-time NW-

P/CTM couple

Important aspects of aforementioned problems is that

the finer the scale is, the more relevant is to predict There is a running NWP/CTM couple in the Institute of
the not only the value, but also its confidence interval Computer Science in Prague [7]. It uses MM5 [8] as the
or even to predict the whole probability distribution for weather model and CAMXx [3] for the air quality. Current
non-gaussian quantities (e.g., road ice). Since the pre-system computes 3 day ahead forecast of weather and air
dicted quantity can be highly sensitive to the state of quality every 6 hours. Actual forecast is available online
atmosphere (in atmospheric chemistry for example) andon web address http://www.medard-online.cz/ . Fore-
we lack the space averaging that helps in mesoscale mo<asts are usual deterministic forecasts with two nested
dels, the prediction errors might be very large in some domains. Larger domain contains Central Europe and
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has horizontal resolution 27 kilometers; nested domain computation of forecast compared to more sophisticated
gives more detailed prediction for the Czech Republic methods as the 4-d variational assimilation or the en-
with horizontal resolution 9 kilometers. semble Kalman filter.

Ongoing development of the Medard project concent- Ensemble was created by the perturbation of determinis-
rates on the assimilation of the pollutant concentrations tic forecast. Perturbation was done by Monte-Carlo me-
into the air quality model ([4]). Data assimilation me- thod in such a way that resulting ensemble has sample
thod used is a variant of ensemble Kalman filter [9]. covariance matrix close to the error covariance matrix
Ensemble represents the error covariance matrix of theused in three-dimensional variational data assimilation.
state space. So far only the errors of selected chemicalVariables in following images are selected to emphasize
species are considered. This means that the ensembléhe similarity in the first case and the differences in the
contains flow dependent information about the error in second case. Note that vectors in the second case are not
the concentrations of the selected species, but there is ndhe wind vectors itself but perturbation of wind (diffe-
information about uncertainty in weather. rence between ensemble member and ensemble mean) —
relatively small variation in the direction can mean quite

Going back to the examples of coupling with downs- a big perturbation vector if the original wind speed is
caling models, there are two basic benefits of the assi-|arge.

milation framework. It gives us information about me-

soscale state error statistics — this is especially strai-

ghtforward for the data assimilation based on ensemble4. Conclusions and outlook

methods. The simplest approach would be to perform

downscaling for each ensemble member and regard theSimple ensemble-based modification of existing sys-
output as a sample for downscaled prediction. This ap- tem for real-time weather and air quality prediction was
proach is perhaps oversimplified because the resultingProposed. This modification is based on existing three-
ensemble will lack the information about error statistics dimensional variational data assimilation framework.
of the downscaling model. The second benefit of data Coupling of the mesoscale probabilistic forecasts and
assimilation framework is the possibility to feed back downscaling models is planned, with the capability of
the measurements into either mesoscale or downscalingProbabilistic forecasts in contrast to classical determi-
model. This possibility is perhaps less pronounced for nistic forecasts as one of design goals. Ensemble-based
mesoscale NWP models where the analyses usually usénodification is based on error covariance which is con-
S0 many various observations and quality is so high that stant in time, this simplification can be overcome by
assimilation of local observation might even deteriorate Using more sophisticated assimilation framework.

rather than improve the prediction. o o
Probabilistic mesoscale forecast is just one small part of

Since we don't have any information about the error of the system that should ultimately produce local probabi-
the NWP part in our case, we should augment our sys- listic forecasts. Other aspects are either in development
tem by some data assimilation framework for the NWP or discussed in other papers. Considering the whole pro-
model. Three-dimensional variational data assimilation blem as the task of information system design and im-
was chosen, because the code is already a part of MM5Plementation, one of the biggest challenges remaining
and also of WRF (which is the successor of MM5 mo- is the final presentation of probabilistic forecasts. State
del) distribution [2]. Three-dimensional variational dat ~ Of the atmosphere has three spatial and one time di-
assimilation uses error covariance that doesn’t evolve mension, with different features in different scales. Vi-

with the time and doesn’t depend on current state of sualization and presentation of various aspect of weather
atmosphere. This simplification makes the error model and air quality is already quite a difficult task. Seeing the

less accurate, on the other hand it greatly speeds up théesults not as single numbers but as probability distribu-
tions adds another layer of complexity.

PhD Conference '07 21 ICS Prague



Adll




Pavel Jurus Utilization of the Data Assimilation Infragtture for Coupled Environmental Forecasts

15°W 0° 15°E 30°E 45°E 15°W 0° 15°E 30°E 45°E
| L ! ! — | | | | |
e, o TR o PR - LC= N TR Y T T N TT T
i S e Ry N ATy
VA R e R r////mx«‘ [ I “/fff . LS s/l ’f’\\
NN, o1 11 7 PN NASSNN N/ e RN - PSA L/ ,"ff(Tg g // /"‘\\f/'/'/'/'lll A\
500N o - A o A ; u/.,m\\\\\wsow N SXRE It ARRERR ;
SR TS ,///.///> 1 XA N 50°N =~ %\ NSNS \un\ﬁ \fras e e - 50N
PO ! AN o { IREEAR LR ANNNY RS GiRNS e Vs s f S N e
fem - N\ N N e A B R AN B L NS RN < \\\\.\‘..,,;////,\ Jreee
r"%'w\\x-H\\-///~\\~/H\\~;~\.—>-v/ftv-~\ ANNSSNNC \\\\qv~\\\-)////~ | pem—n
NPT S e e T T T
PRRNNC//7, EOSRSREEUE § 5 ) Pt G2 R0 45N XN "‘!”"”’“""" R N 4N
RN 7 SRR T F ¥ ) S, Z 5! Ve /7NN \’r\\‘lH*“‘] \H\‘ <
b e e NN A 2 A PA NSNS A e [BRRY
seN 3N e > N CETYIEEN 140N RN e AR N R RO
: J\AA—N\’Hr \\ X\~ [N (R AR ~-~r/ ,Mx/}'/}h //;rsz/
R e o SRR LN RS SR Rt A D = S A N R RN o\ e d ey - el L 400
R §>"~\ IR s O R R RN N e AR T 1 AN ety 40N
h [N F RS A AR ’/‘}:lil/ \;j}fft\\’/‘ be e AN I et ] g
on A S N IR begesnntr /1 \\\%‘/ e I
BN ‘:\\‘ A i & iif/\ 7 T BN PSR NNY’ :%\\\ :-u \
St e meir /| SN KRN -y P LT - - o | A A /RN }k o
‘\.4»\\«.—/~4—-=-Chi\\ NS EEERL {.\,;““ . 3N . /’*\H \ 3N
N R g NN D Py s < ERNUNRAN S S Rl b9,
30°N e v Aite e ' 12 30N < ~~;H'\1 ez s XN W /A
S tofa = e ' e SR R Lt S R AW VP2
i T 1 T " z : A:-v»\‘\\;f’r/z-;\\-r‘\\r 1 Zd ’
I 10°E 20° 0°E E A NN eaORIN oA et e SN
v =7 T L
-
Reference Vector 20°E 30°E
15°W 0° 15°E 30°E 45°E 30°E 45°E
b e 1 !
P 1hegeasiy piafen 2 ~\‘~I//J\t{~\'\\~ By »\\\“w~----~rv‘\1//
RIA PP AN g /f RO 27,
4 ,/ 1 A .\4—/////\://};, . /m\.:.—«u..,,;\//

0 £7 0\ I “"’//”"f’/" : M////u/r«r”q.yf‘f/,
50°N = - 4 SV ;-»\.\wr~ur-~1ffr>~*50°N 50°N — - X N P I NN S PN
SONNNVS SN b~ 1t \\\\;/~\\4~~\\0 PRV E e SN N PN AW
PR 4 /lr‘\'\\‘\l \\ n~\\$t--xu~\< ‘f VP S S AN RN PRINNN
PPRESNNNGA ) ¢ SV AT IZEE Kb fraaas ANV L} reeny
TR SO 2RSS\ W // : p X .‘.,/”uxu//.—\\
450NA‘»//,~M“‘ Awe s o AN/ / ' 45N 45N = ;\ \,/////; - PR BTN
P SN S SO VN / B ;\ Vil g 239

PP\ u/-x\u/,‘yrﬁ\/j ey : N\ rre A TR
Py \\{ fresssvrrrptn-y ///A "\ s \
NG s AR
o “wd i N R A TANN '~ o o v \ o
N ,\\\‘\\‘\“ R ,«\1;/ L 4N 40N \ 3 t / oW o
P - NN axwg At \ ..,y\\ Vo i > I-\’\\‘1\\V\w
r\\\»\ a / Vs AR RN A \\\ '; - PNy - anss
\\m\ \SL;/ ol ¢ Chd b ‘ AW\ 1 /u}ux;m
\ YyANNSaa 1t \v«/t - 2 > Fe/ VNS NSy BUPRNES e & Y] bl /v
35°N~,f \l\\\ A ANS = u - 35°N 3N ey / ‘a//,'z'«\\/f{ »wzFr) 2l {1*350N
\ J «/ | WAttt \%d ke CRUERSR %Y A St e | \
2 AR AR R R S A A AN N R F R AR TR e AR LA \\\Mf//w»-\ N~
//‘,‘ N 1‘} \\rlix\\\—w/f//}'}'/f\'/l NN R NI PHptroamssss b\
AR INNENENE 1 ]/A\\\\-»v////)’//f\e// B A R Y N AR FEA NN N
0N —fursreasle vyt AN 277/, cvrt= 30N K RN N A ) L Al w2~ 30N
RN AR RSV PN SRS W AT, ST yser/ NN N i
P PRV J) Ly - VAN A
I I l I | I I I
10°E 20°E 30°E 20°E 30°E
15°E 0°E 45°E W0°E 45°E
] el . | .
R N VSN r\\\w(uuul;:\\
,‘,,U, 1 s\ /\\1 7 VAN ey /Ay
NN 1t f//-v\\~ Vi - ~n~u//u\\wrr
B AN S p -\ AR RER . ! Cxnedkeesf AN
50°N —jes 11 4} \ — 50°N 50°N o « ¢ VRN ey |12kt B0N
b IREREEN A A \ \/rc-‘-‘\lflkc—y-«//{l:/)‘f‘,)
IRRR T ams \\ ,\\‘“,ﬂ..\H/._\\\-u‘;f;;‘,
\ VI s e oS ST A L R R }\.‘-///;/.\
‘ h W\ /e 4 2 27NN AN NN\NS S faaa e
45N (ERNSS A 1 45N AN NN AR S vssSe  AN\NS s A f 7y ,,.’.f45nN
\\ VA b Peadtpos \\0\\\\)»%\\\\1‘\\\//’ 1 e
- AN )y IRRRRR RSN S NE SRR SN \ lediNsaf 7
t Nty /] | v Vot \n H;m—\\\w» o /r<—~ -7/
; 1-” ,m«w;fuff g \\ U// X r«\\t// f
oy /] (W3 (I TR T oN T N \1 e L 4po
40N / R TR e 4N N AN~ / .m-\ \/ 1 / //h;—t—v-.\ 40N
AR L La N2 bad i e / vy \\\ - (/4\\\\[
NN SR rrgrisedJUi-or1 t ARALL AL
x\§\\ ) e N ra ,-,//‘\9,;; ABN \-//lf§/
AN Ll R . Ja\ NS, /H\‘~ S\
BN X n N ANSwrrr g s 777 W NN BN A1 NTI7 v s s e 170k 3N
e = 1] \\ VA T P Y N mr /,
7 -»Huur@\x\\\ n ol b ey .f«~\\\~«w\w///n
//,//;-.,v///a-nut RN R ESNNINE R A\ QTN A R R R ) /r«\\\;a\\\\/«w/jjl»
////«,;//,v,.“.u.,,.‘\n\\”,;//”\\« i O iy /««'\\\H\\\“\ﬁf/l\\'v
3N (YA 0 1P e s VN Seagie w227 F e 4 1 i 3PN BN st vt e /e NRN NN s 30N
RN RN R R R R S Gl NS ER NN \\\ = \2\\‘»;/
L] T L1y PAPIPE L - P
I I I [ f I N
0° 10°E 20°E 30°E 0° 10°E 2(1°E 30°E

Figure 2: Wind field perturbation at the lowest sigma level — the firstesisemble members
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Abstrakt

Kvalitni odhad spdtby zemniho plynu v danédasovém obdobi (n&pden, nésic atd.) mlize byt velice uzitey
pro spolé&nosti obchodujici s plynem. Divodem je skirtest, Ze spdeba rékterych zakaznikll neni@ena na denni
bazi. Takové réfeni nenf zvla® v giipace malych zakaznikd (diky jejich vysokémudbo a nizké spdekg) pro ob-
chodniky s plynem jjatelné. Zatimco pri@rna délka obdobi mezi odly u malych zakaznikl jefiblizné jeden
rok, pro rekteré @ely je zapdiebi tsitasové rozliseni. Odhady dennich $pbtmlizeme ziskat pomoci rliznych
vyvijenych statistickych modelfl. V oéteni nelinearniho modelovani Ul AUR je vyvijen statisticky model zvany
Gamma, ktery je provo@nvyuzivan v Zapadmeské plynarenské, a.s.GP). V tomto modelu povazujeme véechny
koeficienty za neznamé, ale pevné gily. Nabyta zkuenost ale ukazuje, Ze pouziti pevnychi@iekize byt mirg
problematické zejména v oblasti odhadu individuéliinicspoteby jako jednoho z parametrll modelu. V datech se
mohou vyskytovat nezanedbatelné chyb§emi a proto by odhady individualnichdwoich spateb nely byt “smrs-
tény” k priméru zékaznického segmentu (segmenty odpovidafigefinovanym skupinam zékaznikli s podobnymi
vlastnostmi). Nas novy model je formulovan jako nelinedegjresni model se smiSenymi efekty a je rigasim sta-
vajiciho modelu Gamma. Kai spoteba je zde brana jako nahodna tala s logaritmicko-normalnim rozienim.
Prispevek zobrazuje s@asny stav vyzkumu, ktery zdaleka neni u konce. Bude té2ptevano porovnani nového
pristupu se stavajicim. V zéw jsou uvedenyékteré sréry dalSiho vyzkumu.

1. Uvod

Spoteba zemniho plynu domacnosti a maloétiell
je (narozdil od velkood&ratelti a sednich odBrateld,
ktefi jsou méfeni po hodinach) oditana z plynorart
v intervalu giblizné jeden rok. Odéty plynomerl pro-
bihaji z technickych a ekonomickych dtivodli cyklicky

v priilghu celého roku, tzn. Ze je kazdy den v roce ode-

¢tenatast zakaznikl. Sp@by jednotlivych zakaznikl
jsou tedy znamy zafblizné rocni obdobi, kterd se mezi
zakazniky pekryvaji.

V nékterych situacich je ale uziéré znat pesnou spo-
trebu k danému dni nebo za dané obdoliiklBdem
mlize byt znéna ceny plynu, kdy ptebujeme znat
pro kazdého zakaznika spebu od @pedchoziho ode-
Ctu k datu zrény ceny a spéébu od data z@ny ceny
k nasledujicimu odiu. Déale nap pfi odhadu zisk{ ob-
chodnika s plynem pitgbujeme znat objem prodaného
plynu k danému dni. Negiienécasti spateby je feba
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odhadnout vhodnym modelem. Druh& moznost je po-
chopitelré provedeni mimi@dného od&u, to vSak byva
zpravidla finagné i technicky naronéjsi.

V oddéleni nelinearniho modelovani byl vyvinut neli-
nearni regresni model sfieby zemniho plynu, nazvany
Gamma, [4, 6]. Model je provo&wyuzivan v Zapado-

Ceské Plynarenské, a.s. ZkuSenosti s provozem tohoto

modelu byly popsany ndpv [1, 2]. Cilem tohoto fi-
Sspévku je popsat sdtasny stav vyvoje modelu, kon-
krétré jeho modifikace na banielinearnich modelll se
smiSenymi efekty3, 5].

2. Model Gamma

Zéakaznici jsoutidéni podle tzv.typu klienta(domac-
nost nebo malooddratel), ktery viceménsouvisi s vySsi
odkéru, a podle tzvtypu smlouvy Ten je dan zpliso-
bem uzivani zemniho plynufigemz se uvazuji kombi-
nace &chto zplsobll vyuZiti: Vani, olfev vody (TUV),
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vytapéni a (pouze pro malooéb) technologie. Celkem

kde u, je pevnacast individualni slozky (spoméa pro

je uvazovano 16 zakaznickych segmentt (7 pro domac-cely segment));, je ndhodna vefina, u niz pedpo-

nosti a 9 pro malooddr). Parametry modelu se odhaduji
zvlast pro kazdy segment zakaznikd.

Model se mir@ liSi pro neotopové a otopové segmenty

kladame normalni roZleni s nulovou $edni hodnotou

a rozptylemo?, z €ehoz plyne logaritmicko-normalni

rozcleni nového individualniho “parametry,eb* . U
nahodnéhd&lenue;;; predpokladame rovéz normalni

(tj. segmenty neobsahuijici, resp. obsahujici, zakazniky,rozdgleni s nulovou $edni hodnotou a rozptylen?.

ktefi vyuZzivaji zemni plyn k vytagni). SpatebuY;; za-
kaznika: z neotopového segmenkuve dnit modelu-
jeme vztahem

Vike = pin(Tee TN py b, (1)
kde 1, je individudlni parametr zakaznikdv podstaé
nasobek jeho ni spoteby), ¥(¢) je sezonni slozka
modelu spolén& pro vSechny segmenty (odhadnuta v
minulosti z agregovanych dat za celol€?, v sou-
Casnosti k ni fistupujeme jako k pozorovanéy je pa-
rametr utujici miru teplotni zavislosti spiaby v seg-
mentuk, py, je stala slozka spieby zakaznikl ze sku-
piny k, T; je skut&na aN, normalova teplota ve dri
Funkcey je rozdil teplot (skuténé a normalové)iz-
nuty pro hodnoty vyssi nez €. K tomuto diznuti [i-
stupujeme proto, Ze teplotni zavislost pbl je pozo-
rovana pouze v teplotach nizsich nebC4AClenc, je
povazovan za nahodnou v@hu s nulovou sedni hod-
notou a rozptylem Urnym systematické slozce spo-
treby. Nejsou kladeny zadn&eulpoklady o rozédleni

Eikt -
Pro otopové segmenty je model mérmodifikovan:

Yikr = pag [1e(Wye™ @ TN 4 pyy 4

+(1 = Ii)qr] + €t @

kde ¢, je konstanta wujici prin@rnou vysi spdeby
v “lété” al; = 1, je-li primérna teplota za posledni t
dny (j. zadnyt, ¢ — 1, ¢ — 2) nizSi nez 14C. V opa&ném
pripace je I; = 0.

Navrhovana modifikace Gamma modelu&p@ ve zna-
hodréni individualniho parametru;;. V sowasné fazi
je tato modifikace spojena i se 2mou Fedpokladl
o nahodnénglenue;;. Pro jednoduchost budeme v na-
sledujicim textu uvazovat pouze modifikaci modelu (1).

Modifikace modelu (2) pro otopové segmenty je zcela

analogicka.

3. Model se smiSenymi efekty

3.1. Popis modelu

Pro spoitebuY;; zdkaznika z (neotopového) segmentu
k ve dnit uvaZzujeme novy model

Yike = (e ) (e TN Loy Lee, ()
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3.2. Odhad parametr(

Parametry modelu odhadujeme ve dvou krocich:

1. Odhadneme paramets, = (ux, vk, pr)’ abix
metodou penalizovanych nelinearnich nejmensich
¢tvercll (PNLS), tj. minimalizaci funkce

> {Hsz — fir (Br, bir) II” + (Abikﬂ , (4)
ick
kdeY; je vektor spatebi-tého zdkaznika ze seg-
mentuk za @isluSné obdobi (které je ovliémo
dostupnosti dat — chyjici pozorovani jsou vy-
nechana) f;x(Bk, bi) je vektor hodnot regresni
funkce

Fit (Br, bik) = (puge® ) (W= VeeT0ND 4,

za toté? obdobi a\ je aktulni odhad po&tu
A = o} /o

2. S vyuzitim odhad{;, ab,;, ziskanych v pedcho-
zim kroku odhadneme rozptyly? a o> pomoci
vybérovych rozptylts? = var(b;,) a

6% = var Yy, — fux (B, Bik)}

a zopakujeme iiedchozi krok s aktualizovanym
odhadem porm@ruA.

Minimalizaci funkce (4) Ize snadnd'@vést na problém
nelinearnich nejmensidhverct tak, Ze polozimg;, =

(Yir, 007 @ fir(Br bin) = (fin(Br bix), Absx) ™ a pak
minimalizujeme funkci

Z [ Yie = fie (B, bi) |

ick

2, (5)

K tomu je jiz mozné pouzit libovolny hotovy soft-

ware, v naSemifpace se jednalo @ptimization toolbox

k M AT LABu (konkrétré o funkcil sqnonl i n).

Optimalizaci z&iname PNLS s prate€nim odhadem
A = 1 a pacaténimi hodnotami parametrd, b;;, tako-

vymi, aby odpovidaly parametrlim z posledni verze sta-
vajiho Gamma modelu. VySe uvedené dva kroky opaku-
jeme, dokud rozdily mezi po sémasledujicimi odhady
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nejsou mensi nez stanovena mez (v této fazi byla mez Rozptyl rez. Rozdil
nastavena na0~7 pro 5 po sok nasledujicich odhad). Typ UzZitiZP  Gamma NLME (%)

Rozdily jsou ve ®tSiré segmentll dostatee malé jiz D O 24.7043 16.6759  32.4977
v prvnich g@ti krocich. Z toho dlivodu (také s ohledem D T 25.3028 10.6976  57.7215
na vyp&etni narénost) byl maximalni peet iteraci na- D O+T 77.9285 60.8689  21.8913
staven na pogrné nizkou hodnotu 20. D Oo+V 20.0326 13.0108  35.0518
D V+T 1.7415 0.681 60.8984
D O+T+V 24,9684 20.8241  16.5981
M T 510.0277 331.0669 35.0884
M O+T 636.4539 527.0364 17.1917
3.3. Pouzita data M \% 73.5877 61.4379 16.5107
VySe uvedené metody vyZaduji data v dennim rozliSeni. M o+V 2411401  193.8942  19.5927
Byla proto pouzita data z nAhodného &b cca 700 z&- M VT 625.567 625.5272  0.0064
kaznikil z celéR, jejich? spdieby byly méfeny v ob- M  O+T+V  803.7484 603.7964 24.8774
dobi délky dvou letifjen 2004 - z& 2006) v ramci pro- M Te 1914.7845 1420.1211  25.8339
M Tc+O 1328.3279 1158.1101 12.8144

jektu “Tvorba typovych diagram@ dodavky” (TDD) or-
ganizovanénteskou plynarenskou unii. Data obsahuji _1°t@! 479.2681  378.6474 20.9947
nemalé mnoZstvi chyjicich (nebo chybnych) hodnot,
které byly pro &ely odhadu parametrll vyp@ésty. Tento
datovy soubor je vhodny pro vyzkumnéaly. Pro fi-
padny provoz modelu je vSak nutné model upravit tak,
aby mohly byt parametry odhadovany z dat agregova-
nych za eétSiCasové Useky. K dispozici mame fiagou-

bor cca 1700 raéstné odé&itanych zakaznikd ziskany v
ramci grantu GA AVCR &. 1ET400300513. Minima#h
odhad nahodného parametry je vSak nutné v ppace
provozniho vyuZiti poitat @fimo z pravidelnych (zpra- 7000

Tabulka 1: Rozptyl rezidui ve vybranych segmentech, D —
domacnost, M — malood, O — vytagni, T —
ohfev vody, V — vdeni, NLME —model se smiSe-
nymi efekty, Gamma — model s pevnymi efekty.

Rezidua (pevne efekty)

vidla ronich) odétli daného zakaznika. Rmovani dat
. . . « v x . . v g 6000 |

s vySSi frekvenci oddu (i nag. méstnich) je totiz fi-
narcné i technicky @ilis naracné. 50001
4000
3000}
2000}
1000

0
o . -300 -200 -100 0 100 200 300
4. Porovnani obou modelu

Rezidua (smisene efekty)
7000

6000

4.1. Rozptyl rezidui 5000

Rozptyl rezidui z modelu se smiSenymi efekty je dle
otekavani nizsi nez rozptyl rezidui plivodniho modelu
Gamma. Ke snizeni rozptylu doSlo ve vSech zakaznic- 3000}
kych segmentech. Na celém vzorku zakaznikli doSlo ke
snizeni rozptylu o cca 21 %. Rozptyly rezidui z obou

modelll v jednotlivych segmentech zékaznikil jsou uve- 1000f
deny v tabulce 1.

4000

2000

%00 200 —100 o 100 200 300
Na obrazku 1 jsou histogramy rezidui z obou modeld pro
vybrany segment zakaznikl. | zde je viditelné sniZeni
rozptylu, byt je feba fiznat, Ze v ostatnich segmentech
toto nenf z histogrami patrné v takové&ei

Obrazek 1: Histogram rezidui stavajiciho modelu Ga-
mma a modelu se smiSenymi efekty — segment
maloodl&r-technologie
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4.2. Casovy priibéh odhadtl
Na obrazku 2 vidime porovnagasovych pribhd pu-

vodniho Gamma modelu a nového modelu se smisenymi

efekty. Lze pozorovat mirné vylepSeni odhaduippde

modelu se smiSenymi efekty. Jedna se o segment oto-
povy. Prlleh v ostatnich otopovych segmentech je po-
dobny. V neotopovych segmentech je vylepSeni &ivn

pozorovatelné, avsak rozdil je @co \&tSi. Na uvedeny
obrazek je vSalkieba pohlizet s witou rezervou, nebot

v této chvili neni zcela jasné, jaky podil na zlepSeni ma

volba modelu a jaky volba optimalizaich metod (para-

metry ptivodniho Gamma modelu byly odhadovany me-

todou vazeného nejmensiho stwabsolutnich hodnot
rezidui, narozdil od penalizovanych nejmen&itrerct
pouzitych v Fipac® modelu se smiSenymi efekty.)

1000

: : —— Merena spotreba
800 i © -+ Gamma model
] i —— NLME model

6005 |
400}

200

0 50 100 150 200 250 300 350

Obrazek 2: Porovnani modelovych sgeb a n&fené spo-
tfeby za rok 2005 (na ose jsou dny tak, ze
1=1.1.2005), segment domacnosti-vy@ap

5. Zavér a vyhledy

Byl prezentovan nelinearni regresni model pro odhad

spoteby zemniho plynu doméacnosti a maloéditelll a

predevsim jeho modifikace na bazi nelinearniho regres-

niho modelu se smiSenymi efekty. Olidspupy (pevné

a smiSené efekty) byly porovnany dle vybranych krité-

rif, pficemz bylo pozorovano aité vylepSeni odhadu v
pfipace modelu se smiSenymi efekty.

V ramci dalSiho vyzkumu jeéba proSéit zejména na-

PhD Conference '07

sledujici oblasti:

1. Uprava metod odhadovani tak, aby mohla byt vy-
uzivana data z &stnich, resp. ronich odétl
(alesp@ pro individualni parametr zakaznika).

2. Analyza fedpokladu o konstantnim rozptylu re-
zidui, prozkoumat moznosti pramlivosti roz-
ptylu v CaseCi zavislosti na vySi spdtby.

3. Analyza moznosti modifikace sezénni slozky mo-
delu (v soitasné dob povazované za pozorova-
nou).

4. Analyza teplotni zavislosti speby (dipadna
modifikace zavislostni funkce).
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Abstract

This paper deals with learning of neural networks with piése-linear activation functions. Two approaches are
discussed. The first approach works solely with networké wiecewise-linear activation functions. Both a generic
method, searching for division points of the activationdiion, its tangent and its constant terms using a generic
optimization method is used, and a specific algorithm forrieey with fixed activation function is developed. The
second approach uses a network with smooth transfer funclioe network is then approximated using a network
with piecewise-linear activation function.

1. Introduction Likewise for vectorh from R™:

1
Multilayer perceptrons with piecewise-linear activation g: by
functions are theoretically important and have been suc- :
cessfully used in data mining. In the training process b,

neural networks with smooth activation functions were
used and only after the training were the smooth acti-
vation functions approximated by piecewise-linear acti- Furthermore, the rows of and the components Gl
vation functions. In the year 2000 a specific method be indexed from zero.

for perceptrons with one hidden layer and a specific

piecewise-linear activation function (symmetric satura- L€t @:b € R™. Then<a, b> denotes the dot product in
ting activation function) was published. R™: "
<(_i, g> = Z aibi
=1

2. Notational Preliminaries . o .
3. Piecewise-linear functions

Let A be a matrix fromR™", that is anm by n mat- Definition 1 Functionf: D — RY, whereD C RM is
rix with real components. TheA denotes a matrix from  piecewise-linear (PWL) iff there exigt € N and convex
R™*+1n that is created fromd by prepending a row of ~ polytopesR;, ..., Ry with the following properties:
ones above the original matrix: 1.(vie{l,...,P})R;, C D2 Ule R, =D

3.(Vi,jE{L...,P}J;’éj)RiﬁRj QBRZQ(?R]
4.(\Vie{1,...,P}) f|r, islinear,

1 .. 1 whered R; denotes the boundary of the det
~ aiir ... QAin 1...1
Al = ()
Am1 - Qmn It follows from the definition that for arbitrary PWL
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functionf : RM — RY there exist a finite set of hyper-  This theorem implies that in search for a local minimum
planes defining the dividing polytopes. LA, denote of f itis possible to restrict the search only to points that
the system of such hyperplanes of the PWL functfon lie on the intersection of at lea8t hyperplanes from the

systentH ;. This reduces the problem to efficient enume-
Each member of the systefti; can be described by ration of such points.

an equation of the forma, £) = b for some vector

a € RM and some scaldrc R. We now describe the PWLO algorithm in a way that
can be used for generic PWL objective function. Let
E : RN — R (for someN € N) be a continuous and

4. The Forward Approach bounded below PWL function.

The forward approach works as would be naturally ex- The algorithm works in two stages:
pected: we are given a feed-forward neural network with

piecewise-linear (PWL) activation function and we train 4.1.2 Stage A:  The goal of stage A is to find
this network. a point that is an intersection of at leaSt hyperpla-

nes fromH . Stage A starts in randomly chosen point
The goal of this chapter is to use the specific proper- # € RY. We take a step in the direction opposite to the
ties of the network and devise a learning algorithm that direction of the gradient until we hit the nearest hyper-
would use this fact. plane of the systerf{ . Then we take another step in

the direction of projection of the gradient onto the hy-
This chapter is based on the algoritifiecewise-Linear  perplane found. This way we continue to eventually find
Optimization(PWLO) introduced in [1]. a point that is the intersection &f hyperplanes.

4.1. PWLO It can be assumed (in accordance with definition 1) that

. . o L the following equations hold:
The algorithm of piecewise-linear optimization is an al-

gorithm designed for a very specific feed-forward neural (dj, Tr) = b, (1)
network: The network has one hidden layer with the sa-
turating linear transfer function; it has one node in the
output layer and the output layer uses the identity as its

forall j € {1,...,k}, whereZ; denotes the point found
afterk steps.

transfer function. (See the figure 1.) The system of equations (1) can be rewritten:
Input Hidden layer Output .
AR 7 = pk) 2)
where:
a1
AR — :
ar
by
Pk — :
Figure 1: Scheme of the network used in the PWLO method. br.

One of the interesting properties of PWLO is that it is .
not a gradient algorithm. Let P, denote the projection of the gradient onto the in-
tersection of the hyperplanes contained in equation (2).

4.1.1 Basic idea of PWLO:  The principle of ~ 1hen the new pointis found as follows:
the method is based on the following theorem: Fps1 = T — Dyin Pr
wheren,,;, is the smallest positive value needed to in-
Theorem 1 ([1]) Letf : RN — R be a PWL function tersect a hyperp|ane from the %E
and L be a set of local minima of. Furthermore let
L be connected and bounded. Then there iggarEe L The description of the hyperplanes in the systém
such thatt is the intersection of at leasf hyperplanes  and the value ofy,,,;,, depends on the specific function
from the set;. E.
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4.1.3 Stage B:  Stage B starts at a pointthatis 4.2. GPWLO
the intersection of at leasV linearly independent hy-
perplanes. Let that point b&éy and let the following
equation hold:

The goal of this chapter is to generalize the PWLO me-
thod to a larger class of feed-forward networks. First we
need to specify the network we used and we need to de-
vise more convenient description of an arbitrary PWL
activation function.

AWM zy = p) 3)

We want to move to another point that is again the inter-
section of at leasiV linearly independent hyperplanes. 4.2.1 The Network Used:
We do this by perturbing thi-th component 06() by
some small constamt

In this chapter we
use feed-forward neural network with single hidden la-
yer and with one output node with identity transfer

b, = bM) + e, function. But we allow for arbitrary continuous PWL
transfer function in the hidden layer. Let the topo-
whereé), is thek-th vector of the standard basisRf' . logy of the network bel-H-1 (I being the number of
i inputs andH being the number of hidden neurons).
The system (3) then changes into Input Hidden layer Output
(@, %) —b; = 0(Vie{l,...,N}—{k}) (4) layer

<6k,f>—bk = vV (5)

Let 7, be the solution of that system of equations. The
hyperplane (5) is generally not a member of the system
‘HEg, but the new solutior¥’, helps us in finding new
search direction:

P Z, — TN
|2, — Zn| Figure 2: Scheme of the network used in the GPWLO
method. The meaning of the symbols used is as
> follows: f — the transfer function (continuous and

The lineZx +[h], is the intersection of at leasf—1 hy-
perplanes from the systehkiz. This means we can now put toi-th neuron in hidden layery; o — bias of
use the same procedure that we used in stage A to get i-th neuron in hidden layer, —weighi of the con-
a new point that is the intersection of at lea&tinearly nection ofi-th neuron in hidden layer to neuron in

independent hyperplanes. output layerw, — bias of the output neuron.

PWL), w;,; — weight of the connection of-th in-

Such new point does not guarantee the decrease of thd'he network is depicted in figure (2).
value of the objective functiod. If the value of £ is

higher for the new point, we discard the new point and We use the following notation:

retry the procedure with a different value/afThere are

2N total options (V for positiver and N for negative v (vo, .-, vr)

v). If we succeed in finding a point in which the value Wi = (Wi,0, Wi, .., Wir)
of the objective function decreases, we accept that point Wy

and execute the same procedure again. A

The increase of the objective for &IV directions ne- Wy

cessarily means (see theorem 1) we have reached a local

minimum of . Let N denote the total number of parameters (weights

If there are points that retain the same valugfofhen  @nd biases) of the network:

such point can be accepted, but care must be taken to
avoid possible endless loop: We store the point in a list
and each time we accept a step that doesn’t change the
value of E we make sure that the point is not yet in the The output of the network for the inpate R is:
list.

N=H(I+1)+H+1=({+2)H+1

H I
The application of this algorithm with further details is y(i) = Z v f Z w; ju; +wio | +vo
described in [1]. Pt o

Jj=1
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That can be written in a more compact form using our
notation like this:
H

y(d) = szf (<wz,3>) + vg

i=1

(6)

We assume in the following text that there is a set of
M training examplesi(1),... @(M) and each example
i(m) has a corresponding targé{m).

The following convention is used throughout this paper:
Instead of writingy («(m)) we just writey(m) with the
same meaning.

4.2.2 PWL Activation Function: Activation
function is a functionR! — R!. In this chapter we
introduce a compact and useful description of arbitrary
R! — R! PWL functions.

Let f : R' — R! be a continuous PWL function. It
follows from the definition of PWL functions that there
existL € Nandy; < ... < ~vr_1 € R so that on each
interval defined by the the division & by those points
the corresponding restriction gfis linear.

LetI'y,... ' denote the intervals created by dividiRg

by the pointsys,... yr—1 (see figure (3)).
Fl FQ FL—l FL
N V2 YL—2 YL—-1
Figure 3: Division of R using the pointsy, ...,y _1.

Thenforalll € {1,..., L}, there exist;, d; € R such
that
(Vz e I) f(z) =z + dy

This means that arbitrary PWR! — R! function
can be described by the scaldr and the vectors
¢ = (c,...,cL), d (dy,...,dy) and ¥

77L—1)'

(’71,...

4.2.3 Output of the network:  The input to the
activation function ofi-th neuron { € {1,..., H}) for

m-th input (n € {1,...,M})is <u71-,5(m)>. We de-
fine matrix R(Z) in the following way: Let! be the in-
dex of the interval tha(vﬂiﬁ(m)> belongs to (so that

<zﬁi,ﬁ(m)> e I';). Then:

R(Z)i,m =1 (7)

The matrix R(Z) contains information about which in-
terval (C'1,...I'r) each hidden neuron is activated in by
each input. Obvioushk(z) € {1,..., L},
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We use the matri(Z) to construct the activation mat-
ricesC andD as follows:

Cia Cim
cw = | =
CH,1 CH,Mm
CR(#)11 CR(&)1,m
= ' : (8)
CR(#)u CR(Z) m,m
D1 D1 m
D(@) = : : =
Dy Dy, m
dR(i)M dR(f)l,M
= : : 9)
dR@)n,1 AR@)1,u

To distinguish the components 8&ndC (%) we use ca-
pital letters for components of the matrix and lower
case letters for components of the vectoiLikewise
with the matrixD.

Using those matrices the term for the output of the ne-
twork can be rewritten

y(m)

~

v (cRi,m <m ﬁ(m)> + dRi,m)

o <w ﬁ(m)> n Di,m) (10)

4.2.4 The Error Function:
norm as the error function:

We use the L1

(11)

It will be shown in the following paragraph that such
choice makes is possible to transfohinto a PWL
function. This in turn makes it feasible to apply the idea
of the PWLO algorithm to this more general problem.

The output of the network (10) is piecewise-quadratic.
But it is possible to transform the coordinates so that
becomes PWL. We use the following transformation:

P=P,0Py0...0Py
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where: value ofn,,;, can be seen in the table 1.

>, W\ [ vl
\w ) v The information in table 1 describes a generalization
of the PWLO method. We use the nar@eneralized

Let « denote the transformed value @f. In the new Piecewise-Linear Optimizatiofor this generalized al-
i’ .

coordinateg is PWL: gorithm throughout the paper.
H . .
y(m) = sz (Ci,m <u7i,ﬁ(m)> n Dz,m) _ 4.3. Furthe-r generalization ofGIf’WLO |
i=1 In the previous chapter we derived an algorithm that
H R works for arbitrary continuous PWL activation functi-
= Z (C’i_,m <w;., ﬁ(m)> + 'UiDi,m) = ons. But the function had to be fixed — it was specified at
i=1 the beginning of the training process and it never chan-
_ <f7-m, 17> + <CT W 5(m)> ged. An interesting question is: can the GPWLO algori-
m ’ thm be further generalized so that the activation function

itself is a result of network training? This is the question
The choice ofE ensuresE in the new coordinates is ~ We answer in this section.
PWL, too.

] 4.3.1 Continuous PWL activation functions:
It can be shown that the hyperplane system descri- Assumef is continuous. Then:
bing E consists of two types of hyperplanes. One type,

referred to as "A" in this paper, arises from the PWL

nature of the activation functiofi. The other type, re- lim f(z) = lim f(z)

ferred to as "B" in this paper, is caused by the presence Ty T4

of absolute value in (11). e

Analytical description of the hyperplanes, including the av +dy = cpav + diga (12)

Table 1: Hyperplanes in the GPWLO method is the search direction anglis the multiplier ofh needed to intersect correspon-
ding hyperplane).

Type A
@ =1(0,...,0 ,@(m), 0,...,0 ,0,...,0,—,0,...,0)
i —— —— — —
(I+1)(i—1) (I+1)(H—1) i H—i
b, =0

HA :{feRN|<aA /f>:b{,‘l7m} Vie{l,...,HY,Wie{l,....L -1} ¥me{l,...,M})

@B(R) = (C(R)Lm (&(m))T v s C(R) i (&(m))T : (ﬁ(R).m)T)

bE =T (m)
nB(R) = — y(m)—T(m)

(R, D(R).on )+ { Py @(m),C(R).m)
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We can ensure the continuity ¢fby a set of constraints  Let v denote the number of parameters of the activation
in the form (12). But due to simplicity of the constraints function and= the set of feasible values of

it is possible to ensure the continuity by modifying the
set of variables describing the functignL ets define for
alle{1,...,L —1}:

v=2(L—-1)+2=2L (14)

H= {f:(mﬁ7cladlaﬁcaﬁ;)|71 <72 <. "<7L—1}
AF = api—q (15)

D — —
AC = di—d Total number of parameters of the error function then is
N +v.

The constrains now have the form o _ )
Similarly to the GPWLO we define the matrik: Let

C D __ N T
Arm+Ar=0Medl,....L-1}) 7= (W.7,c1,d1,A9,7) €. Then:
Consequently the following parameters are sufficient for Rim (@) =1 <= <wi,§(m)> ely (16)

description of any continuous PWL activation function:
foreach: € {1,...,H} and foreachn € {1,..., M }.

c1
dy In contrast to GPWLO (see (7J(Z) now depends not
. only on the weight matriX}” but also on the parameter
T = (1,0 7L-1) of activation functiony.
AC = (Alc, . .,Ag_l)
Our task is to find the minimum of as a function of:
- M
The original paramete@andd can be obtained using E@) = Z En(7) 17)
-1 m=1
a = a+ Z AY where:
i=1
1
-1 En(Z) = = ly(m, ) - T(m)|;
d = di—» wAY b ’
i=1 andZ is constrained to the feasible setIn this case it

is not obvious that the L1 norm would be as useful as it

This way we eliminated the need for constrains ensuring Was in (11).
the continuity off. But we must not forget the constra-

ints on mentioned in section 4.2.2: It can be shown, unfortunately, that the problem (17)

with the constraints (13) leads to quadratically constrai-

<Y < oo < AL—1 < VL1 (13) ned quadratic programming. To make the problem even
worse, the matrices of the quadratic part of the objective

function and the constrains are in general not positive
4.3.2 Formulation of the generalized problem:  definite, so that there are no specific methods to handle

We start from the output of the network: this problem.
H . . . _ .
B LA This means we're stuck with generic optimization algo-
y=rvo+ 21 vif (<w“ “(m)>) rithms to solve this problem.
4.3.3 ATFO: The method of adaptive transfer
All the parameters together form a vector function optimization (ATFO) solves the same problem
B T as was discussed in the previous chapter, but instead of
T = (W, ¥,e1,di, A°, 7) trying to use a specific method, we directly apply gene-

ric methods to the problem described in equation (17).

where the matriX? is decomposed row-wise.
This way we lose the specificity of the approach, but still

The value of¥ describes both the weights and bia- we can train a feed-forward neural network in the in-
ses in the network and the parameters of the activationtended way: the transfer function is adapted during the
function. training process.
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5. Backward approach

The backward approach handles the learning of a PWL
feed-forward neural network in a different way: In this
approach we start with a feed-forward neural network
with smooth sigmoid transfer function. We apply arbit-
rary learning algorithm to the network. Then we perform
a PWL approximation of the transfer function.

This approach was used in [2]. The algorithm was na-
med REBUP (rule extraction by backpropagation of uni-
ons of polyhedra).

5.1. The REBUP algorithm

Let o denote the smooth activation function. We de-
scribe the approximation used in the REBUP algorithm
to obtain a PWL activation function.

LetZ = (wr,wy) be a subset of the domain gfand let
k € N. The algorithm approximates the functienon
the intervalZ by a piecewise-linear function with + 2

linear segments.

Denote:

hr
hu

We definek-tuple of pointsyy, . . ., yx in this way:
hy —hr
Yo = e

i.e. the pointgyq, . ..
Z.

, Y. equidistantly cover the interval

We also need the vector= (¢, . ..
like this:

,tr) that is defined

ti=0""(y;)

The approximated functioffi is then defined as a PWL
function described by the following vectors:
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’7({) = (t1,...,tk)
L o(tz) —o(t1)
) = <O’ lo —t Y
O'(tk) — O'(tkfl) O>
ty —tp—1
(Z(E) = (hL,O'(tl)—%Z(tl)tl,...,
U(tk_l) - %ﬁ:ti_l)a(tk_l),hlj)

We use the distance of the functiofi$; ando|7 as the
error of the approximation:

B(f) = / (f(s) — o(s))*ds

The last step is numerical minimization of the term
E(t). This way we get the final approximation of the
smooth functiorr on the intervall.

6. Conclusion

The method PWLO was generalized to any arbitrary
PWL activation function. The option of adapting the pa-
rameters of the PWL function during learning is dis-
cussed. Unfortunately this approach leading to quadrati-
cally constrained quadratic programming can not be sol-
ved using any specific algorithm. Still, the problem can
be solved using generic optimization methods.
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Abstract

The paper deals with one step of the non-materialized d&ggriation - the schema matching task. The proposal
is for data sources on the Semantic Web; the crucial assamfai the considered task is the availability of the
ontologies describing data to integrate. These ontolagiiesused to find correspondences between source schemas

elements. For this, the techniques from ontology alignna@atontology merging field are used.

1. Introduction

Data integration [1] is a task of combining data resi-
ding at different sources and enabling a user to process
these data as a one whole. When data integration is non-
materialized [2], the issue usually is to provide an uni-
fied view over the data sources. This view is then ac-
cessed as a new - integrated - data source containing
all the data. However, in fact, the view is only virtual
and does not store any data; the data physically stay sto-
red in the original sources. In order to enable accessing
them through the integrated view, connections between
the schema of such an “integrated” view and the sche-
mas of the data sources have to be established.

The integration process can be seen as a collection of
several tasks, which together brings the required result.
The basic steps of such a data integration are following:

e Schema matching- Under an assumption the
data sources to integrate have been constructed in-
dependently, and their schemas were designed by
different designers for different purposes, the data
schemas are in general heterogeneous. Therefore,
it is crucial, for their processing together, to find
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correspondences between them. The problem of
findingschemas correspondencesis called schema
matching [4], [5].

Schema mapping- A usual way todescribethe
correspondences between schemas of the integra-
ted data sources is to use mappings.

A mapping can be seen as a structure, e.g. a set of
assertions, that establishes a connection between
elements of the view schema (usually called glo-
bal schema) and the data source schemas (local
schemas).

Two basic approaches [6], [7] have been used in
order to specify the mappinga:Global As View
(GAV) approach consisting in defining the global
schema as a set of views over the local schemas
anda Local As ViewWLAV) approach consisting in
defining the local sources as a set of views made
on the global schema.

Query processing- The composition of mapping

is an essential task. It plays a crucial role in que-
rying - another important process of a data inte-
gration.

Within a data integration (system), a user poses
his query on the global view in terms of the glo-
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bal view. In order to execute the query over the solved mainly manually [16]. This has significant limi-
sources, where data are stored, query processingations - it is time consuming, prone to errors and ex-
[3] is needed. pensive. An effort to automatize this as much as possible
There are two approaches to query processing.resulted at most in providing the so-called match candi-
The first one isquery rewriting- a query is de-  dates, and the user needs to (manually) adjust the assig-
composed to parts referring to local sources and nment to guarantee their suitability. This is because the
reformulated to be expressed in local source bac- schemas have very often some not expressed semantics
kground. The other one tpuery answering it do that affects the matching.
not pose any limitations on how a query is proces-
sed, the only goal is to exploit all possible infor- Many ways how to search for schema correspondences
mation to compute the answer, for example find Where investigated in the past. The approaches can be
the set of data such that the knowledge represen-basically distinguished according to the information le-
ted in the data logically implies that it is an answer Vel, at which the schemas have been compared:
to the query.

e Instance- At an instance level, matching appro-

aches consider instance data to find the corre-

This paper deals with the first step of the integration pro- spondences between the schemas describing these

cess. It considers web data sources. In general, data of
the current World Wide Web are distributed in many
sources, having different formats, heterogeneous (or
none) schemas, etc., and so, processing of them is very
difficult. Therefore, the data taken into consideration in
this approach are restricted to the Semantic Web envi-
ronment.

Semantic Web [8], [9], [10] is intended as a semantic
extension of the current web. Nowadays, the main tech-
nigues for the Semantic Web data description are:

data.

Term - Approaches working at a term level are
linguistic-based (e.g., based on names and textual
descriptions of schema elements). They can work
with terms relations (synonyms, homonymes, etc.)
or can be string-based (considering used terms as
a character string and comparing them in order to
find their relations as prefix, suffix, root, etc.).

Structure - Matching can be performed for in-

dividual schema elements, such as attributes, or
for combinations of elements, such as complex
schema structures. At this level, for instance,

graph-based techniques are used.

e XML language [11] for the data structuring

e RDF(S) [12], [13] for the metadata description

For example, approaches comparing particular schema
attributes can be based on their names (optionally taking
) _ ) ) ~into account also known synonym relationships or using

Taking only the Semantic Web data into consideration, |exical techniques), data types, active domains; some of

data sources with defined ontologies [15] represent a na-them deal also with the structures of the sources.
tural assumption for the approach.

e OWL [14] for the ontology specification

) _ ) ) A matching possibility obtained by this is often expres-

The paper is organized as follows: Section 2 introdu- seq ysing some similarity function. This similarity can
ces the matching operation and brings a brief review pe pased on probability [17], on the cosine measure of
of schema matching approaches. Section 3 is concernegarticular attribute feature vectors [18], or some other
with ontology-based schema matching approach; it de- measure describing the number of explored aspects in
als not only with matching discovery, but also with ex- \hich they correspond [19]. These measures can be
pression of found mappings. Finally, Section 4 summa- frther used for selecting matching from found candida-
rizes the paper. tes. Sometimes, some additional techniques like candi-
dates refinement [20] or machine learning [21] are used.

2. Schema Matching

3. Ontology-based Schema Matching
The matching operation takes two schemas as an input
and produces as an output mappings describing schemam the proposed approach to schema matching, availa-
relationships. The task of finding corresponding map- ble ontologies describing data in the integrated sources
pings is a topic of many research projects. Unfortuna- are supposed. From them, required correspondences be-
tely, in many projects and implementations, it has been tween particular schema elements will be derived.
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Generally, an element can participate in zero, one or e Disjointness i.e. elements cannot be matched in

many correspondences searched within the matching any way.

data schemas. Moreover, an individual element (of some

schema) can match one or more elements (of another, .

schema). Therefore, also a temmatching cardinality 3.1. Schema Mapping

is usually used. With respect to a mapping element, A result of the matching task, found schema correspon-

matching can be of a cardinality 1:1, 1:N, N:1, N:M. dences, is often callesthema mappindn general, for

Most existing approaches match each element of oneschema mapping, an arbitrary structure can be used.

schema to the element of another schema with cardina-Mapping can be done in a broad scale from the simplest

lity 1:1 or 1:N. one-to-one mapping rulesxpressing direct correspon-
dences between elements, trougapping a concept to

This approach considers correspondences of cardinality:a query or a view[22] (e.g. respecting GAV or LAV

approach), to some additional mapping structures (e.g.

areference model in [23]). Different projects usually use

e 1:1 when matching two schemas. This means that their own notion of mapping.

one element of the first schema is matched to one

element of the other schema. However, instead of using for instance mapping rules as

assertions for global and local schemas elements that
are particular approach oriented, a more complex and
even standardized structure covering all mapping can be
employed. AnOWL ontologywill be used to describe
the mapping between elements of the global view and
the local sources.

e 1:N when matching one schema to more schemas.
This can be seen as a set of matching used in the
case above. Mentioned 1:N matching is often used
in data integration for matching a schema of a glo-
bal virtual view and schemas of local data sources.

To formalize the notion of the required matching corre- 1he use of an ontology for the mapping brings a possibi-

spondences, a matching of a cardinality 1:1 is an asser-ity to reuse itin other tasks or situations. Also, when de-
tion: riving further correspondences, taking another schema

(of another data source) into account for instance, map-
ping described in an ontology can be seen as another
where ontology available for compared sources. Moreover, for
the future, considering also other kinds of corresponden-
ces, an ontology can be employed, because it can capture
various relation types.

€1 p €2

€1 is an element of one schema
g9 1S an element of the other schema
p is a relation between, ande, expressing their corre-

spondence. To capture the mapping, according to the type of the
, L . . matching, an appropriate OWL [14] construct is used.

A match_mg _of a cardinality 1:N is a set of assertions of |, OWL, classes provide an abstraction mechanism for

1:1 cardinality: grouping described resources. On the Web, resource is

{e1 pi i} every thing or entity that can be identified. A notion of
where ow : C ass is therefore used for elements correspon-
dences:
€1 is an element of one schema
g; is an element of another schema

pi is arelation betwees, ande; expressing their corre- * Fortheis-arelationship, i.e¢; < e, the notion

of subclass can be employed.

spondence. An appropriate  OWL feature for this is
The relatiorp can be one of the following kinds of corre- rdfs: subd assCf, which allows one to say
spondence: that an extension of a class description is a subset
of an extension of another class description.
e Is-a hierarchical relationship (i.e. one element is o For theequivalencerelationship, i.ec1 = e, an
more general than the other or vice versa). OWL featureow : equi val ent O ass can be
This kind is denoted as, respectivec. used.
ow : equi val ent O ass allows one to say
e Equivalencebetween the elements. that a class description has exactly the same class
This kind is denoted as =. extension as another class description.
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However, also in this casedf s: subCl assOf matching candidates, because there is no correspon-
can be used: defining, as subclass of; and at dence estimation - all of them are defined in the onto-
the same time, as subclass ofy, it is possible logy. This step demand no (human) user interaction.

to say that; andes are equivalent classes.

L . . 3.3. General Matching with Ontologies
e Thedisjointness(i.e. to say that an extension of

a class description has no members in common Generally, for definitions of terms in the sources, more
with an extension of another class description) can ontologies are used. Some sources can use for some
be expressed byw : di sj 0i nt Wt h. terms a shared ontology, but it does need to cover all
the terms, and the use of a shared ontology cannot be
assumed. Instead of it, all supported ontologies have to
3.2. Matching with Shared Ontology Available be considered.

In the simplest case, a description of all the sources is . . . B Y
By merging all given ontologies, a “new” shared onto-

covered by the only one ontology. This ontology is sha- . : )
~ . logy is obtained, and this general case can be transfor-
red by the sources and captures all the data description. : : . .
ed to the previous one. For doing this, ontology align-

Schema elements correspondences can be directly fin )
. . ment or ontology merging methods can be employed.
in the given ontology.

In the context of ontologies, terms alignment and mer-
ging are closely related [24]. For both, also matching

The semantic relationship between terms defined in the2Nd Mapping are relevarntology alignmentsually
means a task of establishing a collection of binary relati-

ontology implies the same relationship between schema : , X
elements labeled by these terms. ons between two ontologies. This allows to define a way

for merging of ontologiesOntology mergingesults in

Considering previously stated correspondences typesd New, integrated ontology.
class-subclass and class equivalence, an is-a hierarchx/I S ) )
defined by the shared ontology is used. When matching™ethods formatching in the field of ontology merging
two data source schemas, for each element of the first®” Ontology alignmenéare of similar principlesto the

schema and for each element of the other one, their re-methods for schema matchinghat is, because onto-
lationship is searched in the ontology - if an is-a relati- logies and data schemas are closely related. The main

onship is defined in the ontology, the appropriate corre- difference is a purpose. An ontology is developed in or-
spondence is between the compared elements. der to define a meaning of terms used in some domain,

whereas a schema is developed in order to model some

Some relationships need not be in the ontology directly particular data. Especially for schemas using a semantic
expressed, however, they can be obtained using transidata model, there is often no obvious difference and way
tivity of subclass re|ation5hip_ For examp|e, when ap- to identify which representation is a schema and which
proaching an ontology as a graph with classes as no-is an ontology. In practise, schemas and ontologies usu-
des and is-a relationship labeled edges, found corresponally have both well defined terms and contexts of their
dence between two elements means not only an existingoccurrence. Because data schemas often do not provide

edge of that label, but also an oriented path between theexplicit semantics for their data, matching is usually per-
classes appropriately labeled. formed with the help of techniques trying to guess the

meaning of used terms. When assuming available data
When classes are disjoint, it means that there should notsource ontologies, this is not needed.
be any is-a hierarchy relationship between them, and,
therefore, it is not needed to search it. However, this si- Methods for ontology alignment or ontology merging
tuation leads in practice to the same effect as relation-are performed, as methods for schema matching, at dif-

ships had been searched, but none has been found. ~ ferentlevelsinstance(e.g. comparing set of instances),
elemente.g. lexical techniques), astructure(e.g. gra-

As, to capture the mapping, an OWL expression is used, phs techniques), and use syntactic and semantic appro-
the given shared ontology can be seen as a "superontoach.
logy" of the searched mapping, in that sense that it de-

scribes all the classes and their relationships as stated irAlso similarity with so-called match candidates can be
the mapping. found. Methods therefore require user interaction or use

some heuristics based on user earlier decisions. Note,
Note that all correspondences derived from the given although in the case of a shared ontology, there are no
ontology are adopted; they are not considered only ascandidates, and correspondences are strictly derived, the

For this, following assumption is adopted:
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candidates can arise from this subtask. is then explored and transformed into the merged

ontology with human interaction.

Ontology merging methods are topics of many research
¢ HCONE [31] - HCONE approach on ontology

projects:

e Chimaera [25] - The Chimaera system tool pro-
videssupport for merging of different ontologies
that may have been written by different authors
using different vocabularies. It is based on a On-
tolingua ontology editor [26], and considers only
the class-subclass relation.

Chimaera is an interactive merging tool that de-
mand user interaction: it generates name resolu-
tion lists that help the user in the merging task by
suggesting terms each of which is from a diffe-
rent ontology that are candidates to be merged or
to have taxonomic relationships not yet included
in the merged ontology. Chimaera leaves the de-
cision of what to do entirely to the user and does

merging exploits WordNe{32], which is an ex-
ternal natural language information source. The
HCONE method consults WordNet for lexical in-
formation. Linguistic and structural knowledge
about ontologies are exploited by the Latent Se-
mantics Indexing method (LSI - a vector space
technique for information retrieval and indexing)
[33] for associating concepts to their informal,
human-oriented intended interpretations realized
by WordNet senses.

Using concept intended semantics, the proposed
method translates formal concept definitions to
a common vocabulary and exploits the translated
definitions by means of description logics reaso-
ning services. The goal is to validate the mapping
between ontologies and to find a minimum set of

axioms for the merged ontology. The HCONE ap-

proach is not completely automated; human invol-
vement is placed at the early stages of the map-
ping/ merging process.

not make any suggestions itself.

e PROMPT [27] - The PROMPT is an algorithm
for semi-automatic ontology merging and align-
ment It performs some tasks automatically and
guides the user in performing other tasks for
which his intervention is required. It also deter-
mines possible inconsistencies, which resuilt from Schema matching is a crucial part of a data integration
user actions, and suggests ways to resolve these g1s P L 9
. : : process. The matching result, a mapping, is then used
inconsistencies. T i

_ S when accessing integrated data. For schema matching,
First, PROMPT creates an initial list of matches several techniques based on various information about
based on class names. Then follows the cycle of data sources are employed. With source ontologies avai-

selecting candidates (by the user) and automati- |able, it is possible to derive the requested corresponden-
cally executed actions - the algorithm works with ces pbetween data schemas.

data types, considers linguistically similar names
and subclass hierarchy.

4. Summary and Conclusion

An important issue is a way how to express the found
mapping. In this approach, an OWL ontology is used.
This brings a possibility to share or reuse the derived
mapping. The mapping expressed in a standardized way
can be further used in other situations and accessed also
by various tools. In particular, this mapping allows to
use techniques developed for ontology processing.

The PROMPT ontology merging algorithm was
implemented as aextension to the Protégé-2000
[28] ontology editor.

e FCA-MERGE [29] - The FCA-MERGE is a me-
thod for merging ontologies following Bottom-
up approactwhich offers astructural description
of the merging process
For the source ontologies, it extracts instances
from a given set of domain-specific text docu-
ments relevant to the merged ontologies by apply-
ing natural language processing techniques.

If an ontology shared by all the data sources is suppor-
ted, mapping of source schemas can be easily obtained
from this ontology. Generally, if there are two or more
ontologies used for data description, these ontologies
are merged. Ontology merging results in getting a sha-
red otology as stated earlier, and the mapping can be
Based on the extracted instances, mathematicallythen obtained. So, by this approach, the task of schema
founded techniques taken from Formal Concept matching is transformed to the ontology merging task,

Analysis [30] are applied to derive a lattice of con-  for which, there are available methods and tools that can
cepts as a structural result of FCA-MERGE. In- pe employed.

stance extraction and the FCA-MERGE core al-
gorithm are fully automatic. The generated result An ontology-based schema matching is a subtask of
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Abstract

This paper describes the problem of medical informationgpartation among heterogenous Electronic Health
Record (EHR) systems. First we describe the deatils of tbblpmatics and mention some examples. After that
we show a proposed solution methodology and a pilot apphicaif an EHR system called AdamekJ capable of
interchanging data via HL7 message standard. Finally satnesfwork will be presented in the field of EHR systems’
models comparison and synchronization possibilities es¢hmodels.

1. Introduction would conform the definition of EHR according to [1].
These systems are mainly used to manage the health ser-
Nowadays the EHR is becoming an integral part of pa- vices, financing and ensure the functioning of the whole
tients’ health documentation. On the basis of compute- health providing facility. However, storing information
rized form of health information it is possible to perso- about patient’s health in computerized form is gradually
nalize the health care and make better use of medicalgetting into the center of the interest.
knowledge and guidelines. However, there are difficul-
ties applying traditional aproaches in the field of infor-
mation system development, the best results in standar2. Motivation
dization and computer science must be employed.
One could ask why we need a distributed healthcare.
Since in the praxis it is very difficult to abandon current  As the European Union accepted new members, people
systems or modify them completely, the openness andstarted to migrate in a bigger scale than it was in the
modularity of used systems enabling integration of he- past, and therefore the importance of interoperable ac-
terogenous medical data originating from different sour- cess and integration of the distributed information arose.
ces becomes crucial. To create such a distributed health-another field of application of distributed medical infor-
care environment, where medical information, is com- mation is the case of an emergency rescue, when every

monly shared the use of communication standards is ine-information about patient’s health or treatment is of vital
vitable. One of such standards is e.g. HL7, which has its importance.

origin in U.S.A. European standard CEN EN 13606 de-

als with EHR architecture as well as interoperability via Since there exist more than one communication stan-
messaging. In the rest of the paper we consider messadard, the first step in simplifying the data exchange pro-
ging services among EHR systems rather than the me-cess is to use the same standard on both sides of the com-
thodologies of building of EHR systems. Since the HL7 munication channel. If different medical standards are
standard dominates in the field of communication, we used, it is necessary to map and transform the messages
aim our interest to it. to each other.

In the Czech Republic there are many commercial me- Usually, the greatest problem is to agree on the same
dical information systems on the market. Most of them standard. This situation prevails because there is no uni-
do not concern the storage of medical data in a form that versally accepted standard for the electronic represen-

PhD Conference '07 43 ICS Prague



Miroslav Nagy Communication Problems Among HeterogenddR Systems

tation of clinical data. One of many reasons of disagree- temporal data in the implicit form, i.e. base meassure-

ment is the economical and political background, since ment in the history, another reading after 5 minutes of

governments invested huge resources into research andest, 10 minutes etc. Finally, thgotocolholds technical

the development of their national standards. data such as size of a sphygmomanometer’s cuff if it is
used or a specification of an instrument used to measure

When two parties reach an agreement and healthcarehe blood pressure. For the sake of further computerized

providers communicate the same standard, it is usually aprocessing, archetypes are defined in ADL (Archetype

country dependent standard and thus new problems ariseefinition Language) [7].

when its exposed to international use. For example in

the Czech Republic, there was developed a data stan

dard named DASTA [2]. This standard was designed for

laboratory results interchange in the first place. In the : Data
course of time the range of structured data broadenec  HISTONY
but it still does not cover most concepts in medical do- State

main. However, it is under continual development, it is

still incompatible with other EHR standards, thus unsu-  Praotocaol :]
itable for application in international scope.

For example, the project called ARTEMIS [3] dealt with  Figure 1: Structure of blood pressure archetype

interoperability problems among medical information (id openEHR-EHR-OBSERVATION.blood_pressurd.vl
systems storing clinical information in various propri- ) ) . )
etary formats. The solution of the ARTEMIS project contained an idea

of wrapping and exposing the existing healthcare ap-
The definitions of the terms "archetype" and "template" plications as Web Services [8]. The semantic interope-
are necessary for proper understanging of the furtherrability was achieved by using OWL [9] (Web Onto-
text. In the paper [4] they are stated as follows: logy Language) mappings of archetypes based on refe-
rence models of, possibly, different standards (e.g. ope-
nEHR, HL7 RIM). These archetypes semanticaly en-
rich the Web Services messages. The interoperability
statements, based on some reference model. ope V@S realized through a mediator that transformed the
’ : source message using mapping definitions into appro-

NEHR [5] archetypes are based on the openEHR ™™ L
reference model. Archetypes are all expressed in pnate form to be accepted by the destination system and

the same formalism. In general, they are defined its Web Service.

for wide re-use, however, they can be specialized

to include local particularities. They can accom- 3. ysing heterogenous models
modate any number of natural languages and ter-

minologies. Another problem in sharing medical data is the possibi-
lity of different definitions of concepts despite using the
same modeling methodology (the term modeling metho-
dology comprises all steps necessary to create the resul-
ting model).

e archetype- a computable expression of a domain
content model in the form of structured constraint

e template— a directly, locally usable definition
which composes archetypes into a larger structure
logically corresponding to a screen form. A tem-
plates may add further local constraints on the ar-
chetypes it mentions, including removing or man-
dating optional sections, and may define default
values.

Heterogenity in models occurs when there is a disagree-
ment about the meaning, interpretation or intended use
of the same or related data. Usually two separated indivi-
duals (experts, developers etc.) model the same domain

Some examples of archetypes can be found at [6]. In thein more or less different way, even when using the same
Figure 1, the structure of archetype representing blood methodology.

pressure concept is depicted. The mhatacontains va-

lues of the actual pressure, i.e. systolic, diastolic, meanThe similarity or heterogenity of the models can occur
arterial pressure, pulse pressure and textual comment oron two levels. The first one ithe functional(imple-
blood pressure readin§tateis a list of information de-  mentational) level where information systems use to
scribing conditions of the meassurement, e.g. the posi-communicate diferent network protocols (e.g. IP - In-
tion of the patient at the time of meassuring blood pres- ternet Protocol), transport binding (e.g. HTTP, FTP) or
sure.History covers separate meassurements and addsnessage format (e.g. XML, ASCII text). The second le-

PhD Conference '07 44 ICS Prague



Miroslav Nagy Communication Problems Among HeterogenddR Systems

BEx]

vel isthe semanticalvhere systems have to understand ==
each other’s formal definitions of domain concepts. The
latter will be the one of our concern.

I R R W

3.1. MUDR EHR and WinMedicalc 2000 compari-
son

In the project “Information technologies for de-
velopment of continuous shared healthcare” (no.
1ET200300413), we deal with the problem of sharing
medical information among EHR system developed by | ™"
various vendors. To fulfil the project’s objectives we de-
cided to implement the medical data exchange betweer
two particular EHR systems using HL7 v.3 standard. “
One of used EHR systems is the MUDR EHR develo-
ped at the EuroMISE Center in the Institute of Compu-
ter Science of the Academy of Science of the Czech Re-
public and the second is a commercial application called 3 2 Message interchange
WinMedicalc 2000 created by Medicalc Software s.r.o.

it o, v Lk

Figure 2: MUDR client, application MUDRc, and WinMedi-
calc GUI

The result of solving partial tasks in the project “Infor-

MUDR EHR uses so called knowledge trees to model mation technologies for development of continuous sha-
stored information [10]. The WinMedicalc 2000 stores ed healthcare” is a proposal of communication schema
its data in a relational database and thus uses Entity-Petween MUDR EHR and WinMedicalc 2000 system

Relationship model [11] to represent its information mo- Using HL7 messaging standard. In these days the com-

del. Development of both EHR'’s started from the same Munication schema is being implemented and partially
mode”ng basis. Each 0rigina|y used the so called mini- tested. The communication between these two health in-

mal data model of cardiology [12].

formation systems (HIS) can be divided into following

steps:

In MUDR EHR, the modeling process resulted in crea-
tiing of a knowledge domain calle@ATI ENT, consis-
ting of basic administrative data, allergy information, fa
mily history, social history, subjective information, phy
sical examination, lab examination, personal history, tre

. HIS1 retrieves the required data from its reposi-

tory.

atment information and history of cardio-vascular di- 2. Retrieved data are written into the template based

seases. on R-MIM that models the content of the message
and origins in the information model of th#S1.

The model of WinMedicalc 2000 system consists of ba- HL7 template filled with data is sent to the

sic administrative information, cardiological examinati Translatorl.

ons (e.g. ECG examination, Holter monitor, stress test ) .

ECG etc.), lab examination, physical examination and 3. Trans_latorl transforms the template filled with

family history. Each of these data (except administrative data into HL7 message and sends it bacIB1.

information) are connected to a clinical event, that binds 4. The received HL7 message is sent through the ne-

together the object and subject of the event, i.e. the pa- twork to the receiver.

tient and the physician. Clinical event that contains yet

another information such as place where the eventtook 5. The receiver, the11S2, gets the HL7 message.

place (e.g. ward, emergency room). Since the data is still in the form thatiS2 does

i ) not understand it is posted to theanslator2.

Moreover, WinMedicalc 2000 system covers a broader

scope than just clinical data (e.g. catering services, bed g, HIS2 gets back a template that is derived from

management), but these are out of our concern so we R-MIM of HIS2 and is filled with data that corre-

leave them out. To illustrate the Slmmllarlty and diffe- Spond to the structure of desired message.

rence between MUDR EHR and WinMedicalc 2000 sys-

tem, the Figure 2 shows the screenshots of client appli- 7. Finally the required data is stored to the repository

cations.
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The algorithm mentioned before is graphically represen- 5. Create transforming modules for messages corre-

ted in the Figure 3. sponding to both models.
//“\\ PN 6. The communication can be established.
| Translator1 / | Translator2 /

The first step assumes that both EHR systems do have
a formal description in a form of a model. If one or both
/ E 3. / E miss such a model, it is necessary to create one, using
2 template HL7 message  HL7 message | [template the same procedure, i.e. methodology if possible. The
. N 5. i/ 6. step number 2 checks if the same modelling methodo-
logy (the same standard or formalism) is used. If not,
an extra transformation is needed. This transformation

internef A
HIST ¢ .ﬂomm‘vnic;ﬁor%‘/ HIS2 covers modifications on syntactical level. The result of
. step 2 should be based on the same grounds. Semantical
~ /\ modifications will be discussed later on. The Schema-
1 £\ 7 gic extension mentioned above will be helpfull in step
7 \ - 3. Alterations mentioned in step 4 will be accomplished
— manually, since no model manipulating langugage (such
as data definition language — DDL in SQL) in the do-
main of EHR standards exists.
HIS1 repository HIS2 repository

The next planned extension of the Schemagic would
ease the EHR interoperability by simplifying the de-
velopment of the EHR system modules implementing
communication, data exchange, based on some standard
_ ) such as HL7. This extension is bound in step 5 of the me-
4. Models’ comparison on semantical level thodology mentioned above. Our pilot implementation

) o ) will take into account only HL7 version 3 standard. The
Schemagic [13], a synchronizing tool formerly designed task of the Schemagic’s extension is to map HL7 tem-

to compare and synchronize database schemas stored iBlates derived from R-MIM model with HL7 message
relational databases, will be extended by a plug-in €a- tragments called CMETs (Common Message Element
pable of processing archetypes. The input of the plug-in yneq) Using this tool will result in much shorter im-
are two archetypes described in ADL (Archetype Defi- jementation time of translator module (s&mnsla-

nition Language) [7]. The extended tool would be help- 141/5 in Figure 3) of EHR system translating specific
ful in finding differences between two given archetypes |, 7 template into HL7 message.

describing the same concept but originating from diffe-
rent sources, e.g. two professionals or two EHR systems
developed by different vendors. 5. Pilot application implementation

Figure 3: Communication algorithm between MUDR EHR
and WinMedicalc 2000

The rough version of methodology used to establish A pilot application has been developed to test ideas dis-
communication between two EHR systems is describedcyssed above. Its name is AdamekJ and comes from an
in the following steps: abbreviation of ADAMEK (stands for "Aplikace Dato-
veho Modelu EuroMISE-Kardio" — Application of Data-
1. Take models formanzing EHR Systems which MOdel EuroMISE CardiO) [14] The |etter 'J StandS fOI’
want to communicate. Java, since AdamekJ is a Java application.

2. If chosen models were created using differentmo- We test communication between WinMedicalc 2000
deling techniques, transform one model into the system and AdamekJ rather than MUDR EHR, because
same form as the other and go to the next step, MUDR EHR contains only testing data that are suf-
else go to next step immediately. ficient for determination of HL7 standard usability in

the Czech environment. The AdamekJ application will

be deployed in the ambulance of preventive cardiology,
thus it will contain real “production data” which can

4. To remove differences alter models in appropriate more precisely show convergence or divergence of cli-
way. nical content of communicated messages.

3. Use some comparing tool to find differences be-
tween models.
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5.1. AdamekJ

Application ADAMEK [14] was developed to collect
data in the ambulance of preventive cardiology run un- [Z55
der Institute of Computer Science, Academy of Sciences
of the Czech Republic. It was created in 2002 and is still
in use. Since the application was implemented as a stan
dalone MS Access 2000 program, it reached the limits
of the used database. As soon as suitable tools to imple
ment a more advanced version were available, we star-
ted the development of the AdamekJ application as the
successor of ADAMEK. Both applications, ADAMEK

and AdamekJ, are based on the minimal data model of
cardiologic patient [12].

vl [ ]

Feri]| o Laboratorni visledky | o EKG | it |
e | o ObtiZe | o ICHS Y ™ CMP | " ICHPT |, " Dol izhavé Foktory | ¢ Choroby |

During the design process an indispensable emphasi
was layed on usage of modern technologies. AdamekJ ig
a two-layer application consisting of the data layer and
the user interface. Application domain objects are per-
sistently stored into relational database Oracle 10g [15].
Objects’ persistency is achieved by using the Hibernate  Figure 4: User interface of AdamekJ application
framework [16]. The framework is configured by XML

mapping files (HBM — Hibernate Mapping). HBM files  An integral part of each EHR is its communication with

map objects from application’s domain object model to other systems in health care environment. Some sys-
relational tables in the database. tems are just limited to import and export data, but Ada-

mekJ stands before the phase of implementation of HL7
Core classes of the application are implemented usingmessaging standard. When this phase is finished, we will
Spring Framework [17]. Spring is a layered Java/J2EE be able to evaluate the communication in the form of
[18] application framework. J2EE (Java 2 platform, En- HL7 messages between two heterogenous EHRs based
terprise Edition) is the industry standard for developing on minimal data model of cardiological patient.
portable, robust, scalable and secure server-side Java ap-
plications. Building on the solid foundation of the Java
Platform, Standard Edition (Java SE), Java EE provi- 6. Conclusion
des web services, component model, management, and
communications APIs that make it the industry stan- The first step towards fulfilling the goal of interope-
dard for implementing enterprise-class service-oriented rable EHRs is making the implementation of messa-
architecture (SOA) and next-generation web applicati- ging standards easier. We proposed an extension of the
ons. Spring Framework provides automated configu- system Schemagic that would find appropriate balloted
ration and wiring of application objects. Spring is well HL7 message fragments corresponding to clinical con-
integrated with Hibernate and simplifies the configu- tent of given EHR. This will result in significant re-
ration of domain objects’ persistent storage. duction of time needed to develop a transforming mo-

. o . ) _dule, i.e. translator depicted in Figure 3.
User interface is implemented using Spring RCP (Rich

Client Project). Spring RCP is based on Java Swing, Next, the archetype comparison and harmonization will

thus the resulting application is a Swing application. be studied and implemented as further extension of the
The main advantage of the Spring RCP project is provi- Schemagic system. However, there still remains the dif-
ding an elegant way to build highly-configurable, GUI- ficulty how to decide whether two archetypes model the

standards-following rich-client applications faster by | ~ same concept or not. This problem will be under further

veraging the Spring Framework, and a rich library of Ul systematic exploration.

factories and support classes.

& | Nalez hodinek pad postel,
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Abstract

The paper resumes recent advances in the field of logic oéfete and presents their application in the field of
database queries. Namely, non-monotonic reasoning mischsimcluding various kinds of preferences are reviewed,
and a way of suiting them to practical database applicatesisown: reasoning including sixteen strict and non-stric
kinds of preferences, inclusive oéteris paribugpreferences, is feasible. However, to make the mechanisefaldor
practical applications, the assumption of preferenceifipation consistency has to be relinquished. This is addev
in two steps: firstly, all kinds of preferences are definedtst some uncertainty is inherent, and secondly, not a
notion of a total pre-order but a partial pre-order is usethim semantics, which enables to indicate some kind of
conflict among preferences. Most importantly, the semardia set of preferences is related to that of a disjunctive
logic program.

1. Introduction The paper presents a work in progress aimingsiat
multaneous usage of various kinds of preferences in
database queriesThe semantics of preferences is de-
fined according to recent advances in the field of prefe-
rence logic. Consequently, the preferences under consi-
deration, in general, are set preferences. The objective is
to provide database users with a language that is decla-
rative, can be used to define such database queries that
not necessarily all answers but rather the best, the most
preferred ones are returned, includes various kinds of
preferences, and has an intuitive, well defined semantics
allowing for conflicting preferences.

All to often no reasonable answer is returned by an SQL-
based search engine though one has tried hard writing
qguery to match one’s personal preferences closely. The
case of repeatedly receivirgmpty query resulis ex-
tremely disappointing to the user. On the other hand,
leaving out some conditions in the query often leads to
another unpleasant extreme:@rerloadingwith lots of
mostly irrelevant information This observation stems
from the fact that traditional database query languages

treatall the requ_ir_ements on the data as mgnd_atory, hardm section 2, the basic notions of logic of preference
ones. However, it is natural to express qgenesmterms Ofand non-monotonic reasoning are briefly summarized.
both hard as well as soft requirements, i.e., preferences,In section 3, basic concepts and key features of the

in many applications. proposed approach are introduced: preference operator
In the “real world”, preferences are understood in the is defined and its basic properties presented, inclusive
' 81‘ algebraic properties important for algebraic optimi-

sense of wishes: in case they are not satisfied, databas ation of database queries. Section 4 gives a short over
users are usually prepared to accept worse alternatives”2" queries. : gV M

Thus preferences require a paradigm shift from exact V':We:)f related work and the 5th section concludes the
matches towards a best possible matchmaking. Paper.
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2. Preliminaries

ing frame of generalized preference relations that could
hold for any kind of states, based on well-defined axio-

The logic of preference has been studied since the sixtiesmatization.

as a branch of philosophical logic: Logicians and phi-

losophers have been attempting to define the one well-

formed logic that people should follow when expressing
preferences.

2.1. Logic of preference

Itis Von Wright’s essay [1] that tries to give the first axi-
omatization of a logic of preference. The general idea is
that the expressiond'is preferred tab” should be un-
derstood as the preference of a state (a world) where
occurs over a state whebeoccurs. Von Wright expres-

sed a theory based on five axioms. The problem is that

empirical observation of human behavior provides coun-
terexamples of this axiomatization.

More recently, Von Wright's ideas and the discussion
about “logical representation of preferences” attracted
attention again. For instance Doyle and Wellman [3]
give a modern treatment of preferences ceteris paribus.
On the other hand, Boutilier [4] pioneers a new way of
looking at preference logic by augmenting a basic modal
language. His work is the base of the recent work of van
Benthem, Otterloo and Roy [5], who reduce preference
logic to a basic (multi)modal language augmented with
tho so-calleckxistential modalityTheir semantics does
not include ceteris paribus property of preferentes.

2.2. Logic of preferences
A drawback of the present state of the art in the logic

Later, Von Wright [2] introduced a more general frame of preference is that proposed logics typically formalize
to define preferences, updating also the notioeete-  only preference of one kind. Consequently, when for-
ris paribuspreferences. Ceteris paribus principle is me- malizing preferences, one has to choose which kind of
ant to yield a notion of unconditional preferences, in the preference statements are used for all preferences under

sense that a change in the world might influence the pre-

ference order between two states of affairs, but if all the

consideration.

conditions stay constant in the world, then so does the To study the interaction among kinds of preferences,

preference order.

In this approach, he considers a $eof n logically in-
dependent states of affairs and the Bét= 2° of 2»
combinations of the elements 8f An s-world is called
any element o that holds whers holds. In the same
way is defined a’;-world, whereC; is a combination
of elements ofS. Now, von Wright gives two definiti-
ons (strong and weak) ofs“is preferred tof under the
circumstanceg’;” :

1. (strong):s is preferred tat under the circumstan-
ces(C; iff every C;-world that is also a-world
and not at-world is preferred to every’;-world
that is also a-world and not ars-world.

. (weak):s is preferred tof under the circumstan-
cesC; iff some(C;-world that is also as-world is
preferred to somé€’;-world that is also a-world,
and noC;-world which is at-world is preferred to
any C;-world which is ans-world.

Finally, if s is preferred ta under all circumstances;,
according to either definition, thenis said to be pre-
ferred tot ceteris paribus.

a non-monotonic preference logic for various kinds of
preferences|ogic of preferences- in contrast to the
usual reference to thiegic of preferencehas been re-
cently developed by Kaci and Torre [7, 8]. They have
developed algorithms for a non-monotonic preference
logic for sixteen kinds of preferences: four basic types,
each of them strict or non-strict, with or without ceteris
paribus proviso.

To describe ceteris paribus preference, a general con-
struction proposed by Doyle and Wellman [3] is
employed. Their language for preference built over a set
of propositions is defined inductively from propositional
variables. They mean hyropositiona set of individual
objects, elements of a s&. These individual objects
can be understood as worlds, i.e., truth assignments for
propositional variables. In other words, a propositional
formula is identified with worlds — fulfilling truth assig-
nments, and the powerst’ is taken to be the set of alll
propositional formulas.

Their ceteris paribus preferences are based on a notion
of contextual equivalence:

Definition 1 (Contextual equivalence])3, Def.4] Let
W be a set of worlds and(1V) be the set of equiva-

It can be concluded that the philosophical discussion lence relations oifV. A contextual equivalence oW

about preferences failed the objective to give a unify-

is a function : 22" &(W) assigning to each set of

1For more detailed survey of the origin of preference logithie work of von Wright refer to [6].
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propositional formulagy, v, ...} equivalence relation
n(@, ¥, ..).

If wn(p,v,...)w, we usually write

w=w mod ,(p,1,...) .

Definition 2 (Preference model)A preference model
M = (W, =,n) is a triplet in whichWV is a set of
worlds, > is a total pre-order, i.e., a relation which is
complete, reflexive, and transitive, ovér, andr is a
contextual equivalence function 6.

Definition 3 (Comparative greatnesqj3, Def.5] We
say that & is weekly greater tham,” written ¢ > 1,
is satisfied in the modeM, written M = ¢ &> 1, iff
wy = wg Whenever

1. w1 ': (2 A\ —|1f) f

2. wy E—p Ay ,and

3. w1 =we mod (AP, —p AY) .

This definition of ceteris paribus preferences seems very
close to the intended semantics behind von Wright's

principles. Preferences of over« are defined as pre-
ferences ofp A =) over—p A 9, which is standard and
known as von Wright's expansion principle [1]. Also,
note that if the equivalence relatiofiy A =1, =p A 1)

is the universal relation, i.e., an equivalence relatiothwi

only one equivalence class, then the ceteris paribus pre-

ference reduces to strong conditiani6 preferred ta)
when eachp A =) is preferred to alkp A ).

The following proposition [8] shows that Def.3 reduces
a preference with ceteris paribus proviso to a set of pre-

The logical language introduced in by Kaci and Torre [8]
extends propositional logic with sixteen kinds of prefe-
rences:

Definition 4 (Language)[8, Def.3] Given a finite set
of propositional variable®, q, ..., the setlL, of pro-
positional formulas and the sétof preference formulas
is defined as follows:

Lo 3 @, ¢ pl(e AY)|~p
L2 ®, Wt ¢ ®>Y Pl 2V hlo > Plp “>Y |
-P|(PAT) forz,y € {m,M}

Definition 5 (Monotonic semantics)8, Def.4] Let M
be a preference model. When= M we writexz(p, M)
for

max(p, M) =
{weWlwkE pA(Vw e W w' Ep=w=w)}

and analogously when = m we write (¢, M) for

min(p, M) =
{weWwEpAVW €W v Ep=uw =w)} .

M E o>V iff Vw € x(p A —p, M),

Yuw' € y(mp A, M)t w = w'
M @ *2Y iff Yw € x(p A —1p, M),

V' € y(mp A, M)t w = w'
M E p*>Yiff Ve € e(n, o A —p, = A1),
Yw € z(p A=) A c, M),
Yw' € y(mp AYp Ae, M) :w = w'
M ':Spngwlﬁ vcee(naSDAﬁw?ﬁsp/\w)a

Vw € z(p At A e, M),

Yw' € y(mp Ay Ae, M)t w = w'

ferences for each equivalence class of the equivalence

relation.

Proposition 1 [8, Prop.2] Assume a finite set of propo-
sitional variables, and let(n, ¢, ) be the set of pro-
positional formulas which are true in all worlds of an
equivalence class ofi(¢, ), but false in all others:
{X|FwVw' : w = w' mod ,(p,¢) <= v = x}.
We have that { is weakly greater than)” is satisfied
in the modelM = (W, >, n) iff for all propositions

c € €e(n,p A b, —p A1), we have thatv; = wy whe-
never

LwEeA Y AC,

2. wa E AP AC.
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Moreover, logical notions are defined as usual, in par-
ticular:

SE® < VWM MES=>MED .
Note thaty ™> ¢ is the Doyle and Wellmans’s com-
parative greatness (Def.3).

In this paper, we are interested in a special kind of theo-
ries, namely preference specifications:

Definition 6 (Preference specification)8, Def.5] Let
P be a set of preferences of the fofm; > ¢; : i =
1,...,n}. A preference specificatioR is a tuple:

(Pol> e {">Y, *2Y, "8 >V [z,y € {m,M}}) ,
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andM is its model iff it models aliP : on worlds, which enables to indicate some kind of

conflict among worlds (by their incomparability).
MEP. <= Y(pi> ) €EPo - ME@i > .

Corollary 1 Observe that by Prop.1, we can replace ce- Their non-monotonic reasoning is based on distingu-
teris paribus preferences, writtefi>¥ or *>¥, by sets ished models callethost connected models
of ordinary preferences without a ceteris paribus pro-

viso. Consequently, we can restrict ourselves to the eightpefinition 7 Most connected mode[10, Def.4] A mo-
types of preferences without ceteris paribus clauses.  ge|l A = (W, =, 7)) is at least as connected as another

modelM’ = (W, =’ n), writtenasM C M, if ='C>,
2.3. Non-monotonic logic of preferences Le.,

Non-monotonic reasoning has been characterized by
Shoham [9] as a mechanism that selects a subset of the

models of a set of formulas, which we call distinguished A model M is most connected if there is no other model
models. Thus non-monotonic consequences of a logical \1’ s t A1’ = M, ie., s.t M’ T M without M T M.
theory are defined as all formulas which are true in the N N

distinguished models of the theory.

Ywy,we € Wiy = wy = wy = wy .

In comparison with Kaci and Torre’s language [8], their
An attractive property occurs when there is only one dis- language is by far less expressive, having only one kind
tinguished model, as then all non-monotonic consequen-of preference.
ces can be found by calculating the unique distinguished
model and characterizing all formulas satisfied by this
model. It has been proved in the literature that a unique 3. Preferences in database queries
distinguished model can be defined for the following
sets of preference® - u, P msm, andP as . To improve the readabilityy = y A =(y = =), =
(x,y) A= = (y,2), and= (z,y)A = (y,x) is substitu-
Moreover, Kaci and Torre [8] have defined a distingu- ted byzx > y, > (z,y), and= (x, y), resp., henceforth.
ished model and proved ist uniqueness for

(P> € {59, ¥V T8 "5 |0 ¢ fm, M}, y = M}) 3.1. Basic concepts and key features

To reach the target, we need to accommodate an ex-
and also for pressive language with various kinds of preferences in
- - = - the RDM framework. We propose to base its model-
(Po|o> € {75, 527, %>2, "22 |v = m,y € {m, M}}) theoretic semantics on thoze (F))f preference logic langu-
They have also provided algorithms to calculate these age€s.
two unique models and presented a way to combine
these models to find a distinguished model of all the ty-
pes of preferences given together. Their algorithms also
capture all the algorithms for handling all the kinds of

preferences separately. e User preferences are expressedjmeference lo-
gic language

In the following list of basic concepts, the key features
are boldfaced.

It should be pointed out, that the consistency of prefe-

rence specification, i.e., no conflict among preferences, o semantics of a set of (possibly conflicting) pre-

has been assumed by now. This assumption, however, ferences is related to that ofdisjunctive logic

is hard to fulfil in practical applications. In order not to program (DLP).

restrict the use of the logic of preference, Boella and

Torre [10] have proposed a minimal logic of preference o Non-monotonic reasoning mechanismsabout

in whichanypreference specification is consistent. They preferences has to be employed to reason about

have achieved the consistency by means of: preferences that are defined in such a way that
consistency is ensured under all circumstances.

o formalizing a preference over as theabsence

of av world that is preferred over @ worlds; e A preference operator returning only the best

tuples in the sense of user preferences is used
e amending the preference model definition by to embed preferences into relational query langu-
usingpartial pre-order instead of total pre-order ages.
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We identify propositional variables with tuples, i.e.,
facts over relations. A subset of a relation instance,a.e.,
set of facts, creates a world, an element of al’Betand
propositions are logically implied by worlds in which
they hold true.

3.2. User preferences

Our starting point is the language (Def.4) introduced by
Kaci and Tore [8] who extend propositional language

MEp™>™ ) iff Juwvw':if —p A FEw false, we
have—-(w = w').

M E p™>m ) iff Jwvw': if o A FEw false, we
have—(w > w').
3.3. Preference specification semantics

Definition 10 (Preference specification).et R be a re-
lation schema. Given the sét(R) from the definition

with sixteen kinds of preferences. The aim is to accom- (pef.4) of the language in which propositional variables
modate this expressive I_anguage_ln_the RDM framework zre identified with facts over the relatiaR, Po(R) is
so that any set of (possibly conflicting) preferences has 5 set of preferences over the relation schefnaf the

a well defined semantics.

To define the semantics without the consistency as-

sumption, the definition (Def.2) of the preference mo-

del has to be extended. For this reason, Boella and Torre

[10] have replaced the total pre-order wiplartial pre-
order, i.e., a binary relation which is reflexive and tran-
sitive, on worlds in the preference model definition. In-
deed, it shows that their definition provides a sufficient
space of models.

Definition 8 (Preference model)A preference model
M = (W, =) over a relation schem& is a couple in
which W is a set of worlds, relation instances Bf and
> is apartial pre-orderoverW, thepreference relation

Observe that as preferences with ceteris paribus provi-
sos can be reduced in accordance with Cor.1 to sets o

form {@; > ; : i = 1,...,n}for p;,¥; € Lo(R). A
preference specificatigR over the relation schema is
atuple(Ps(R)|> € {*>Y,*>Y |z,y € {m,M}}),
and M(P) is its model, i.e., greference specification
mode] iff it models all P (R):

M(P) = Pe(R) =
V(Qpi > wz) S 'P\>(R) : M(P) ': i > ’L/Jz .

To calculate a preference specification model, we asso-
ciate the preference specificatidh with a DLP, then
employ optimal model semantics of the DLP and finally
compute the model by mens of iteration of ih@medi-

ate consequence operatfmr a positive logic program.

3.3.1 Disjunctive logic program:  First, we as-

fsociate the preference specificatiBhwith a DLP in

preferences without such provisos, we have neglectedthree steps:

the contextual equivalence in the definition of the prefe-
rence model.

Definition 9 (Models of preferences).et M be a pre-
ference model and, w’ elements ofV s.t.w = —p A
andw’ = ¢ A —p. Then:

M = o MM g iff Ju’ s.t2Vw :if oA ey false,
we have-(w »= w').

M = o M>M o iff Ju’ s.t.Vw : if o A= ey false,
we have-(w > w').

M = o m>M ) iff Vwvw', we have-(w = w').
M = o m>M ) iff Vwvw', we have-(w = w').

M = o M>m o iff JwIw': if =p A Fw false and
© A= Few false, we have-(w = w').

M = o M>m ) iff JwIw': if =p A Fw false and
© A= fEw false, we have-(w = w').

20 A=) w false denotes that there is a modellifd for o A —p.

First step: Create a partitioyy = (E1,...,E,) of W
so thatw, w’ € F; iff any of the following conditions is
fulfilled for every preference > 1:

LwkEpA— and ' E=@eA—)
22 wE—pAY and w E-pAY

B wk(pAY)V(~pA—y)
w' (e AY)V (mp A=) .

and

Second stepSubstitute each preference type by a logi-
cal formula:

o M>M oy if o A=) Few false, we have:
dFE; S.t.VEj 2>;/L (Ej, Ez)

o M>M 4 if o A b ew false, we have:
dFE; St\V/EJ ?L (EJ, El)

© m>M . \V/EJVEZ 2% (Ej, Ez)

SElements ofF; andE; fulfill o A —1p and—p A 2, resp. in the following list
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© mZIM P VENEZ W (Ej,Ei). 1. MeF,
o M>m o if o A w false, we have: 2.M" : M’ € F A HOFp, A(M') <
3E;3E; £ (Ej, Ey). HOF(p, A)(M).

o M>m o if o A1) Fw false, we have: _
3E;3E; f (E;, E). We use the notation O@®, F, p, A) to denote the set of
all optimal #-models ofP with regard to(p, .A).
@ M>™ ) JE,VE; W (Ej, E)).

© M>™ )y ENVE; o (Bj, E;). Applying a variant of the connectivity principle (c.f.
Def.7), distinguished models, defining the meaning of
. , the programP, can be selected from stable models
The above formulae can be expressed as disjunctions. ST(P) of P so that the intensional relatighof incom-
parable elements is minimal in the sense of setinclusion.
Accordingly, we get the intended optimal model seman-
tics of our program when we extend the notions of ag-

Third step: Furthermore, formulae expressing proper-
ties of the above predicates and their relations have to

be added: gregation strategy and Herbrand objective function so
% (A, BV = (A,B) — % (B,A). that the relation of set inclusion can be captured.
# (B, A)V[= (A, B)A = (B,A)] <« #(BA). It is important to point out that
Opt(P, ST(P), 9o, Ao) ,

~(4.C) — = (4B = (B,C) PUF, STIP), 0, 4o)

| (A,B) — % (A,B)\# (B,A). in general, contains more than one optimal model.

= (A,B - % (A,B . . . . .

( ) < # ) For every intensional relatiog, that is subsumed in an
false — £ (A, B)A\ = (4, B). optimal modelMp € Opt(P, ST(P), po, Ag), we de-
=(A4) — . fine the preference relation as follows:

/ H . / .
3.3.2 Optimal model semantics: To define the Vw,w' € Wwithw € E, w' € E; ;

meaning of the DLP, we emplayptimal model seman- wrzpw < Ei 7y Ej
tics[11].

[L1] and get a preference specification modell,(P) =
Definition 11 (Atomic weight assignment)11, Def.2] (W, =)
An atomic weight assignmeng, for a programpP, is a ] _ )
map from the Herbrand Bagép of P to R, whereR 3.3.3 Computing the model: ~ Ordering the
denotes the set of nonnegative real numbers (includingPartition of W according to the intensional refation
zero). = that is subsumed in an optimal modéfp <

Opt( P, ST(P), o, Ao), the most preferred worlds ulti-
mately are located in maximal elements of the partition.
To find the maximal elements, the ordered partition is
associated with a positive datalog program consisting of
one rule:

Definition 12 (Aggregation strategy)[11, Def.3] An
aggregation strategyl is a map frort A% to R.

Definition 13 (Herbrand Objective function)[11,
Def.4] The Herbrand Objective Function, HQF A) M(A) — M(B)A =, (A, B).
is a map fron2B” to R} defined as follows:

and facts:=;, (E;, E;) € Mp.

HOF(p, A)(M) = A({p(A)[A € M}) .

Observe thatM/p is a the least, trivial model of the
Definition 14 (Optimal model)[11, Def.5] LetP be a above program. Nevertheless, least nontrivial models of
logic program,p an atomic weight assignment, apd the above program yield the interpretations of the pre-
an aggregation strategy. Suppose thais a family of dicate M identifying the maximal elements and thus
models of P. We say thatV/ is an optimalF-model of also the most preferred worlds according to the model
P with regard to(p, A) if: My(P) = (W, =k).

4Given a setX, M~ denotes the set of all multisets whose elements aPé.in
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3.4. Preference operator Definition 17 (Lexicographic composition) Given
atwo relation schemaR; andR,, preference specificati-
onsP; over Ry andP, over Ry, and its sets of models
A (P1) and .#(P2), respectively, theexicographic
compositionL(P;, P2) of P, and P, is a preference
specificationP, over the Cartesian produd; x Ry,
whose preference relation,, is defined as:

To embed preferences into relational query languages,
preference operatapp returning only the best tuples in
the sense of user preferend@ss defined.

Definition 15 (Preference operator)lif R is a relation
schemaP a preference specification ovBr and.# (P)
the set of its models; then the preference operajors

. . v e WLV h e W
defined for all instance&( R) of R as follows: Wi Wy € W, Vs, wy € Wa,

AM(Py) € A (P1),IM(P2) € M (Pa) :

wp(I(R)) = {w e W | Zm (W1 X wa,wh X wy) =
w C I(R) AIMy(P) € M (P)stVuw € W : = (w1, wy) V(=g (w1, wh)A = (wa,w5))
w IRz (w'w) = (0w} where My (Py) = (W, =) and My (Py) = (Wa, =),
3.4.1 Basic properties: 3.4.3 Algebraic properties:  The set of alge-

braic laws that govern the commutativity and distributi-

specification? over R, for all instances/(R) of R the ons constitutes a formal foundation for rewriting prefe-
following properties hold: rence queries using the standard strategiesgikghing

selection down

wp(I(R)) < 2/ _ N " y
B The following theorem identifies a sufficient condition
wp (wp(I(R)) = W;’](%I(R)) ’ under which the preference operator and relational alge-
WP I(R)) = 218 bra selection commute.

where Pempyy is the empty preference specification, i.e., Theorem 2 (Commuting with selection) Given a re-

containing no preference. lation schemaR, a preference specificatioR over R,
the set of its preference modelg(P), and a selection

Theorem 1 (Non-emptiness)Given a relation schema  conditiony over R, if the formula

R, a preference specificatioR over R, then for every

finite, nonempty instancE R) of R, wp(I(R)) is non- VM (P) € 4 (P),Yw,w" € W :
empty. =k (W w) Aw = ou(w) = w' = o, (W)
. ) " is valid, then for all instance$(R):
3.4.2 Multidimensional composition: The
most common ways of defining a preference on the Car- o, (wp(I(R))) = wp (0,(I(R))) .

tesian product of two relations are Pareto and lexicogra-

phic composition.

The following theorem identifies a sufficient condition
under which the preference operator and relational alge-

Definition 16 (Pareto composition) Given two re- L
bra projection commute.

lation schemasRk; and R,, preference specifications
P, over R; and P, over Ry, and its sets of models
A (P1) and.# (P2), respectively, théareto composi-
tion P(P;,P2) of P, and P, is a preference specifi-
cation P, over the Cartesian produdt; x Rs, whose
preference relatiott,,, is defined as:

Definition 18 (Restriction of a preference relation)
Given a relation schem#, a set of attributesX of
R, and a preference relation over R, the restriction
Ox (=) of = to X is a preference relation x over
7mx (R) defined using the following formula:

le,w’l S Wl,V’LUQ,’LU/Q S WQ,
IMg(P1) € A (P1),IM(P2) € M (P2) :

(W1 Xwa, Wi xwh) == (wr,wh) A =y (we, wh)

=x (wx,wy) = Yw,w eW:

mx(w) =wx A Tx(w') =wy = = (w,w) .

Definition 19 (Restriction of a preference model)Gi-
where M, (P1) = (Wi, =) and M, (Pz) = (Wa, =). ven a relation schema, a set of attributes of R, and
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a preference model (Def.841 = (W, =) over R, the
restrictionx (M) of M to X is a preference model
Mx = <Wx,ix> whereWx = {Wx(w) | w e W}
and> x is defined as above.

Definition 20 (Restriction of a preference operator)
Given a relation schemg®, a set of attributes( of R,
the restrictiondx (R) of R to X, a preference specifi-
cationP, and the set of its restricted model&x (P);
then the restrictiofl x (wp) of a preference operatar
to X is a preference operator’ defined as follows:

wp (1(0x(R))) = {wx € Wx |
IMxi(P) € ﬂx('P) s.t.waX e Wx:
=xk (W, wx) = =xp (wx,wy)} .
Theorem 3 (Commuting with projection) Given a re-
lation schemakR, a set of attributesX of R, the rest-
riction 6x (R) of R to X, a preference specificatioR

over R, and the set of its preference modelg(P), if
the following formulae

VMk(P) S ///(’P)Nwl,wg,wg eW:

wx(w) = mx(w2) A wx(wr) # mx (w3)
A=k (w1, ws) = =g (w2, ws)

VM (P) € A (P),Ywr,ws,wy € W :
wx (ws) = mx(wg) A mx(wr) # mx (w3)
Az (w1, w3) = =y

(ws

(w1, ws)
are valid, then for any relation instandg R) of R:
{rx(w) | w € wp(I(R))} = wp (x (I(R))) ,

wherew® = 6(wp) is the restriction ofu(P) to X.

Theorem 4 makes it possible to derive the transfor-

mation rule that pushes preference operator with a one-
dimensional preference specification down the appropri-
ate argument of the Cartesian product:

Corollary 2 Given two relation schemaR; and R,
a preference specificatior8, over Ry, and an empty
preference specificatigh, over R, for any two relation
instanced (R,) andI(R2) of Ry and Ry, respectively,
the following property holds:

wp, (I(R1) x I(R2)) =
{w1 X Wsa | wy € wpl(I(Rl)) A wy C I(RQ)} ,

whereP, = P(P;,P,) is a Pareto composition dP;
andpPs.

For lexicographic composition, we obtain the same pro-
perty as for Pareto composition:

Theorem 5 (Distributing over Cart. product) Given
two relation schemag®; and R, and preference spe-
cifications’P; over R; and P, over R,, for any two
relation instanced (R;) and I(R») of R; and Ra, re-
spectively, the following property holds:

wp,(I(R1) x I(R2)) =
{wl X W | w1 € wp, (I(Rl))/\wg € wp, (I(Rg))} ,

whereP, = L(P1,P2) is a lexicographic composition
of P1 andPs.

The following theorem shows how the preference ope-
rator distributes over the union of two relations:

Theorem 6 (Distributing over union) Given two com-
patible relation schemasRk and S, and a preference

For preference operator to distribute over the Cartesian SPecification”” over i (and S), for any two relation
product of two relations, the preference specification, instances/(R) and I(S) of R and S, respectively, the

which is the parametr of the preference operator, needsfollowing property holds:
to be decomposed into the preference specifications that wp(I(R) UI(S)) = wp(wp(I(R)) Uwp(I(S))) .

will distribute into the argument relations.

Theorem 4 (Distributing over Cart. product) Given
two relation schema®; and R, and preference spe-
cifications’P; over R; and P, over R,, for any two
relation instanced (R;) and I(Rs) of R; and Ra, re-
spectively, the following property holds:

wp,(1(R1) x I(R2)) =
{w1 X W3y | w1 € Wp, (I(Rl))/\w2 S w7>2(I(R2))} s

wherePy = P(Pi,P2) is a Pareto composition dP;
andPs.

Only in the trivial case, it is possible to distribute the
preference operator over difference:

Theorem 7 (Distributing over difference) Given two

compatible relation schemdg and .S, and a preference
specification? over R (and S), for any two relation

instancesl (R) and I(S) of R and S, respectively, the
following property holds:

wp(I(R) = 1(8)) = wp(I(R)) — wp(I(S))

iff the preference specificatidn is empty.

5We call two relation schemampatibleif they have the same number of attributes and the correspgradtributes have identical domains.
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The next theorem shows that some kind of nontrivial dis- porate partial orderings into data domains. A similar ap-
tributivity of preference operator over difference exists proach to preference modeling in the context of web re-
positories was presented in [25]. Also in [26], actual va-
lues of an arbitrary attribute were allowed to be parti-
ally ordered according to user preferences. Accordingly,
relational algebra operations, aggregation functions and
arithmetic were redefined. However, some of their pro-
perties were lost, and the the query optimization issues
were not discussed. A comprehensive work on partial
order in databases, presenting the partially ordered sets
as the basic construct for modeling data, is [27].

Theorem 8 (Distributing over difference) Given two

compatible relation schemdgand S, and a preference
specification? over R (and S), for any two relation

instances/ (R) and I(.S) of R and S, respectively, the
following property holds:

wp(I(R) — I(S)) = wp (U WO (I(R)) — f(S)) :
k=1

Other contributions aim at exploiting linear order inhe-
rent in many kinds of data, e.g., time series: in the con-
text of statistical applications systems SEQUIN [28],
SRQL [29], Aquery [30, 31].

wheren € N is a minimal number s.t.
PRy - 1(5) | =
wp | | wp’(I(R) = 1(5)
k=1

wp ((U W (I(R)) — f(S)) Uw%“”(f(m))
k=1

By contrast to the above qualitative approach, in the
guantitativeapproach [32, 33, 34] preferences are spe-
cified indirectly usingscoring functionghat associate
a numeric score with every tuple.
andwg“) is thek—th iteration of the preference operator
in I(R) defined as:

e

(I(R))

W (1(R))

5. Conclusions

Pursuing the goal of embedding preference queries in
the relational data model, it has been shown thesr
preferences can be captured in a logical language
containing sixteen kinds of preferencesand the se-
The study of preferences in the context of database que-mantics of the language can be defined with respect to
ries has been originated by Lacroix and Lavency [12]. the recent advances in logical representation of prefe-

Following this work, preference datalogvas introdu- rences allowing foconflicting preferences
ced in [13] where it was shown that the concept of pre-

ference provides a modular nad declarative means forEmbedding preferences into relational query languages
formulating optimization and relaxation queries in de- has been implemented throughpeeference operator
ductive databases. returning the most preferred sets of tuples This ope-
rator has a formal semantics defined by means of opti-
mal models of a DLP. To reason about preferences that
might be inconsistent, non-monotonic reasoning about
preferences has been used.

4. Related work

Nevertheless, only at the turn of the millennium this
area attracted broader interest again. Kiel3ling et al.
[14, 15, 16, 17, 18] and Chomicki et al. [19, 20, 21, 22]
have pursued independently a similgualitativeappro-
ach within which preferences between tuples are speci-Sufficient conditions for commuting the preference ope-
fied directly, using binarypreference relationsThe em- rator with relational algebra selection or projection and
bedding into relational query languages they have usedfor distributing over Cartesian product, set union, and set
is identical to the presented approach: They have defineddifference has been identified. Thus key rules for rewri-
an operator returning only the best preference matches.ting the preference queries using the standard algebraic
However, they haven’t considered preferences betweenoptimization strategies have been established.

setsof elements. A special case of this embedding re-

presentskyline operatointroduced by Bérzsonyi et al.
[23].

A slightly different approach was proposed in [24],

Future work directions include developing algorithms
for evaluating the preference operator and identification
of other algebraic properties, in order to lay the foun-
dation for the optimization of preference queries. Also,

where the relational data model was extended to incor- complexity issues have to be addressed in detail.
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Abstrakt

V dobé pokraujici informa&ni exploze a stale rostouciho mnoZstvi webovych strangkg@dborniky dllezité
vice nez kdykoliv pedtim pélivé vazit, jaky zplisob pro jejich vyhledavani zvoli. Probléedostaténé relevance
a spolehlivosti informaci vyhledanych trédimi horizontalnimi webovymi vyhleda®sje jednou z pekazek pro Sirsi
vyuziti internetu jako uziteného a di&ryhodného informéniho zdroje pro odborniky ze v3ech @étvi. Tato prace
se zan&uje na vyhledavani |ékakych doporgeni nezbytnych pro podporu rozhodovani v klinické praxinpei
cilenych (vertikalnich) vyhledagé. Byly sestaveny a porovnariy $pecializované vyhledaga, které jsou pistupné
pro dal$i vyuziti na uvedenych webovych adresach.

Kli¢ova slova:online vyhledavani informaci, vertikalni vyhled@ea cilené vyhledadz, relevance, internet,
lékarska doporaeni, podpora klinického rozhodovani.

1. Uvod vaCi je jednou z pekazek pro SirSi vyuZziti internetu
jako uZiténého a digryhodného informéniho zdroje
pro odborniky ze v3ech oéwi. Tato prace se za-
byva feSenim uvedené situace v oblasti klinické me-
diciny, konkrét@ vyhledavanim lékakych doporgeni
nezbytnych pro podporu rozhodovani v klinické praxi.

V dobg, kdycCelime nelimitovanému a stéle rostoucimu
mnoZzstvi webovych stranek, je pro odborniky vice nez
kdykoliv predtim duleZité pozoa pe&livé vazit, jaky
zpusob zvoli pro vyhledavani informaci na volném in-
ternetu.

Internet je domovem bilionl webovych stranek uloze- 2. Relevance a horizontalni vyhledavaci nastroje

nych na milionech poitatll ve vice nez 200 zemich. Ob-

sahuje Siroky z&kr témat a oborli psanych renomova- Relevance je parametr charakterizujici kvalitu vyhleda-
nymi odborniky, stejé jako z&at&niky i amatéry. Pro-  vani informaci. Je definovana jako shoda mezi obsa-
hledavani této neuspadané sbirky neorganizovanych hem dokumentu a inforntai pofebou, ktera uzivatele
informaci rozdilné kvality je obtiznym Ukolem, ktery se vedla k jeho vyhledani. AvSakippodrobrgjSim pri-
pokousi viceti mére Uspesre fesit celdfada interneto-  zkumu zjistime, Ze relevence neni tak docela objektivni
vych vyhledavacich nastrojli. V séaisnosti viak anity  pojem [12].

nejls@srejsi z nich nedokazi své vysledkyizplsobit

konkrétnim informa&nim potebam jednotlivych uziva-  Relevance je systematicky zkoumana od poloviny 50.
telll nebo uZivatelskych skupin. Stéjtak nedokazi vy-  let 20. stoleti. Od té doby pojeti tohoto terminu doznalo
brat validni informace z dé&ryhodnych zdrojii. Kroia ~ fadu znén. Jedna z dnedipmanych klasifikaci, ktera
7adanych a spolehlivych dokument tak uZivateli sou- Pfimo ukazuje na slabé misto smsnych horizontalnich

tasre nabizeji informace, které mohou byt neplatné, za- Vyhledavé, je klasifikace popsana Schamberem a kol.
staralé a/nebo maji neznardiyotazny plivod. (1990). Podle ni se relevancéltna relevanci tematic-

kou (z pohledu systému, ,topical relevance*) a na re-
Problém nedostateé relevance a spolehlivosti infor- levanci situ@ni (z pohledu uzivatele, ,situational rele-
maci vyhledanych tradnimi horizontalnimi vyhleda- vance®)[12].
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Tematickd relevance odrazi plivodni obsah tohoto 3. Sowtasné gistupy k feSeni limitll horizontalnich
pojmu. Z perspektivy tematické relevance je vyhledany vyhledavacl

dokument odpovidajici proto, ze jeho dosah se &pln

nebo Casténé prekryva s tématem uZivatelovy infor- VySe uvedeny nedostatek trédich horizontalni inter-
macni pofeby. Meadow (1985) upozornil na fakt, Zze za- netovych vyhledavéll je moznéesit pomociit zaklad-
kladem tematického pohledu na relevanci je démia, nich distupl:

Ze vztah mezi dotazem a dokumentem je @aeny.

Ta vSak je zakladem nedokonalosti tematické relevance
jako parametru pro hodnoceni vyhledavacich systému.
Pouha skuténost, ze dokument je ,,0" uzivateléunfor-
macni pofebe, v praxi totiz jeS neznamena, Ze doku- b. personalizaci vyhledavani (personal search),
ment skuténé je relevantni. Naiklad |ékd, ktery hleda o i} o .
informace o antihypertenznim léku pro svého pacienta, - Pomoci pizpusobenych, vertikalnich vyhleda-
pravcépodob® nebude chtit prohledavatanky zaby- vacu (custom search, vertical search).

vajici se pouzitim tohoto léku v pokusech nafeeim

modelu. Podobé farmakolog zabyvajici se vyzkumem  ypresiovani vyhledavaného dotazwrychluje vyhle-
mechanizmu redukce krevniho tlaku pomOCI'tOhOtO [éku dani situé&né relevantnich informaci ve srovnani s in-
na molekularni Grovni pravbodob® nebude mit zajem  itivnim dopfovanim dalsich kiiovych slov tim, Ze

o clanky publikujici klinické studie provedené s timto  aytomaticky nabizi vybrané kategorie systémem vyhod-

a. upediovanim vyhledavaného dotazu (search
query refinements),

lékem. Uvedeny aspekt je vyjeeh vySe zmiBnou situ-  nocené jako piitiné pro dané téma (nigknihy, Elanky,
acni releVanCi, ktera ZOhlétl’ije kontext, VvV BmzZ se uzi- Zprévy’ Obrézky atd) a umﬁﬁje tak uzivateli rych'e za-
vatel se svou informni pofebou nachazi. Koncept si-  ¢jlit vyhledavani srarem k jeho konkrétni infornéai
tuacni relevance tedy vychazi Zqupokladu, zefphod- potieb. Tyto nastroje viak umaii spide hrub&fdéni

noceni relevance vyhledanych informaci nemiize byt od- na obeci ¢asto vyhledavané kategorie a z hlediska po-
délena informani pofeba uzivatele od situace, v ramci  7adavku precizniho vyhledavani obogospecifickych
které vyhledavani informaci provadi [12]. informacf jsou proto méalo efektivni.fiRladem uvede-

. . , ., ., néhofeSeni jsou Yahoo Shortcuts nebo Google One-
V sowcasné dob rozsiené internetové vyhledavaci na- g [6]

stroje zaloZzené na algoritmickém vyhledavani jsou li-

mitovany neschopnosti zohlednit aspekt situarele-  personalizacevyhledavani je na internetu relat&mo-
vance. Studie hodnotici spokojenost uzivatelt internetuyoy oblasti. Obsah tohoto pojmu je definovan nejed-
s vysledky vyhledavani informaci pomoci horizontal- notng [22], v rékterych fipadech je dokonce zaio-
nich vyhledaval ukazuji, Ze méhnez polovina UzZi-  van s nize uvedenymi vertikalnimi vyhleddiaV za-
vatelu vzdy najde to, co skutee potebuje, a to i po  sags viak zahmuje tyto kibvé charakteristiky:

nékolika pokusech [6].

Mezi hlavni @iciny nedostaténé situéni relevance do- a. fizplisobeni obsahu (customization) tematickym
kumentdl vyhledanych traéimi horizont&lnimi vyhle- preferencim uzivatele (uzivatelem expli@tove-
davai pafi mnohoznénost klEovych slov a ne- denym a/nebo systémem automaticky odvozenym
schopnost horizontalnich vyhled&iadetekovat kon- na zakla@ monitorace chovani uzivatelgi wy-

text a gesré identifikovat informani pofebu uZivatele hledavani informaci),

nachazejiciho se v Gité konkrétni situaci pouze na za-
kladé vyhledavaného dotazu [6]. Je-li ridgad do vy-
hledav&e zadano k&iové slovo ,diabetes”, vyhledava
nevi, zda dotaz polozil IéKdledajici data z klinického
vyzkumu nebo pacient hledajici obecné informace o této
nemoci a o moznostech jejidBy nebo kontakty na ko-

b. schopnost aplikace nabizet uzivateli vyznamy
specifické pro dany problém (contextualization)
na zakla@ ,vlastni znalosti* tématu a ,,schopnosti
dedukovat“ zaréfeni z jeho chovani [23].

munity sdruZujici pacienty s touto chorobou.fggo- Uvedeny koncept vSakiméSifadu komplikaci od ne-
vani dotazu pomoci dalSichttivych sloviesi situaci  ochoty uZivatell vyglovat formulde, ges problém sdi-
pouzeCast&né a navic j€asoe nare€né. lenych p&itacli aZz po skuténost, Ze vyhledavani je pro-

ces vazany na daras nebo jen okamzik. Pouhé vyhle-
dani ucité informace neznamena, Ze uZzivatel se o danou
oblast skuténé zajima [22]. K pikladtim personalizo-
vaného vyhledavani pgatGoogle Personalized Search
nebo Microsoft Live Search.
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Specializované (vertikalni) vyhledavée, jinak nazy-
vané také cilené nebo tematické vyhledi/éspecialty,
targeted, topical search engines) unojz prizplisobit
zamgfeni vyhledavae konkrétnim poZadavklm uZziva-
tele.

Specifika vertikalnich vyhledaga je mozné pozorovat
na fech Urovnich:

a. Deskriptivni ndzevNekonstantni, zato vSak vy-
znamna charakteristika specializovaného vyhle-
davae, ktera a priori selektuje uzivatele a zvySuje
tak relevanci vyhledanych informaci (mapia-
betes Web Search nebo Health Professional’s Me-
dical Search).

. Vybér oborové specifickych webovych stranek za-
rucujici prohledavani situacné (kontextové) rele-
vantniho obsahuDulezitym faktorem na tomto
mis& je technologicka Uroveposkytovatele vy-
hledavaciho software. Pro konstrukci kvalitniho
a precizniho vertikalniho vyhledada je ne-
zbytné, aby vyhledavaci software byl schopen
manual@ vybrané webové stranky prohleda-
vat presre tak, jak uzivatel a/nebo autor vyza-
duje. Méré sofistikované vyhledavaci technolo-
gie umoduji prohledavani celych domén, nikoliv
vSak subdomédi konkrétnich ,URL vzorcl* po-

tfebnych pro pesné vymezeni obsahu, ktery ma

byt prohledavan, a nelze tedy od nichekavat
precizni vysledky.

. DalSi faktory specifické pro jednotlivé vyhleda-
vaci technologienaf. umozréni preference nebo
restrikce vybranych webovych stranek, zakaz re-
klamy, Uprava piadi algoritmicky vyhledanych
webovych stranek s ohledem na jejich hodnoceni
danou komunitou uZivateld atp.

Vertikalni vyhledavae Ize rozélit na dé skupiny:

a. ,Vyhledavace poskytovatelll vyhledavaci sltizby
Poskytovatel uti, jaké webové stranky (a ev. dalSi
databaze) bude prohledavat a jakou technologii
pro tento &el zakoupi nebo sam vyvine.

Mezi vyhledavae z této skupiny pétnagiklad:

MedHunt  (www.hon.ch/MedHunt) - kva-
litni a respektovany profesionalni me-
dicinsky  vyhledavé,  OmniMedicalSearch

(www.omnimedicalsearch.com) - prohledava-
jici hlavni medicinské portaly a databazggi-

rus (www.scirus.com) - znamy vyhleda¥a
védecko-vyzkumné literatury, ktery kombinuje
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cilené prohledavani internetu pomoci techno-
logie FAST s inform&nimi zdroji pochazeji-
cimi z nakladatelstvi Elsevier, nebGiteSeer
(http://citeseer.ist.psu.edu) - vyhledévaane-
feny na oblast ptitaové \edy.

. »Vyhledavate uzivatell(jednotlivch &i organi-
zaci, instituci, tym0 ap.): UZivatel - specialista
v urCitém oboru - specifikuje obsah, ktery ma
byt prohledavan s pouzitimakteré z vertikalnich
platforem tradénich horizontalnich vyhledagé
nebo pomoci novych webovych technologii.

Mezi uvedené technologie ganhagiklad:

Live Search Macros (Microsoft)
(http://search.live.com/macros) ,

Yahoo! Search Builder
(http://builder.search.yahoo.com),

Google Co-op (Google Custom Search Engine)
(www.google.com/coop),

Rollyo (www.rollyo.com) a

Swicki (Eurekster)www.eurekster.com) .

4. Lékarska doporuceni na volném internetu

Dostupnost @deckych lékiskych informaci je za-
kladnim pedpokladem pro Gg$nou implementaci
védecko-vyzkumnych poznatkli do medicinské praxe.
V dobeé, kdy se elektronicka verze odbornychekzhi

a dokumentd stala jizd&Znou normou, je internet jednim

z hlavnich kanalt jejich Bni mezi odbornou ejnosti.
Diky své flexibilitt a dnes jiz také snadné dostupnosti je
v klinické praxi také velmi Zzadany a mnoha Iékpou-
Zivany [9].

Z hlediska medicinské praxe zaloZzené na dlikazech
(EBM) musi informace splovat nasledujici kritéria: ak-
tuélnost, spravnost, spolehlivost a uzitest (tj. musi
reflektovat praktické klinické otazky). Z tohoto hle-
diska paiti mezi klicové dokumenty Iékaka dopordeni
(guidelines) vytvéena tymy odbornikdi na mezinarodni,
nérodni a lokalni drovni.

Lékarska doporgeni jsou odboré posouzené a scha-
lené postupy pro nalezitou piéa I&Cbu u lidi s uti-
tym onemocnénim nebo zdravotnim stavem. Vycha-
zeji z nejlepSich &deckych dikazl dostupnych v dané
dobke a jsou cennou oporou v procesu klinického rozho-
dovani [14].

Léka'ska doporgenijsou dnesé&¥re dostupna na inter-
netu. V soasné dob existuje celdada rlizé velkych
databazi lékakych doporéeni a webovych stranek
umoujicich jejich prohledavani. V této praci bylév
novana pozornost voindostupnym dokumentiim. Mezi
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hlavni instituce umadujici pfistup k Iékdiskym doporu-
¢enim bez licebnich omezeni i bez registrace pat

National Guideline Clearinghousfl3] - kom-
plexni databaze dopatani a souvisejicich do-

e Lékarska doporucemublikovana kanadskou fe-

deralni institucHealth Canaddq11].

e Lékarska doporuceni kanadské Public Health

Agency[17].

kumnetd pro klinickou praxi zaloZena (ve spolu-

praci s American Medical Association a Ameri-

can Association of Health Plans/nyni America’s
Health Insurance Plans) a spravovana americkou

Agency for Healthcare Research and Quality.

Léka'ska dopordeni publikovana americkymi
Centry pro kontrolu a prevenci nemociGen-
ters for Disease Control and Preventi¢htlanta,
USA) [4].

The National Library of Guidelinefl5] - data-
baze dopor@eni pro klinickou praxi fjatych ve

Spojeném kralovstvi Velké Britdnie a Severniho

Irska, spravovana Lékskou knihovnou Univer-
zity v Sheffieldu ve spolupraci s Narodni l&ka
skou knihovnou Spojeného kralovstvi Velké Bri-
tanie a Severniho Irska. Je zaloZzena na dof®ru
nich vytv&enych National Institute for Health and
Clinical Excellence (NICE), Scottish Intercollegi-

ate Guidelines Network (SIGN), Department of

Health (DH) afadou dalSich instituci.

New Zealand Guidelines GroJft6] - Knihovna
Iékarskych doporgeni dijatych v ramci Nového
Zélandu.

DoporiEeni pro kontrolu a prevenciféni infelc-
nich nemoci lfhfection control guidelines for the

prevention of transmission of infectious diseases

in the health care settingofijata austraskou vla-

dou (Australian Government Department of He-

alth and Ageing 2004) [1].

Doporuceni pro klinickou praxpfijata austral-

¢ Kilinicka doporuceni pro primarni pééiytvorena
nalLékarské fakulté University of California, San

Francisco[24].

o Lékarska doporucermiublikovanédSvétovou zdra-

votnickou organizad5].

5. Vytvoreni a optimalizace nastroje pro online vy-
hledavani |éka'skych doporuceni

Pro vytvdeni vyhledavée specializovaného na vyhle-
davani lékéskych doporgeni bylo vybrano 13 na inter-
netu volré dostupnych databazi vyiemych a spravova-
nych dinéryhodnymi a respektovanymi zdravotnickymi
institucemi a vydavatelstvimi [13], [4], [15], [16], [1],
[2], [21], [20], [3], [11], [17], [24], [25]. Byly vytvoreny
tfi vyhledav&e, a to pomoci technologie Rollyo [5],
Swicki (Eurekster) [19] a Google Co-op [10], [7], [8].

5.1. Rollyo Clinical Guidelines

Rollyo (www.rollyo.com) je technologie stejnojmenné
spol&nosti, ktera byla uvedena do provozu ¥iZZ05.
UmoZiuje vytvdeni vlastnich vyhledavd zaloZzenych
na webovych strankach dle vlastniho &yb, které jsou
prohledavany pomoci Yahoo! Search.

Vyhledav& s nazvem Clinical Guidelines (obr. 1)
byl vytvofen pomoci formuléového rozhrani [5] a je

dostupny na adrese www.rollyo.com/evidencebased

sources/clinical_guidelines .

skou Narodni radou pro zdravi a medicinsky vy-

zkum (Australian National Health and Medical
Research Councilp].

Klinicka dopor&ni publikovana vThe Medical
Journal of Australig21].

Modra kniha- Doporweni pro prevenci a kont-
rolu infekénich nemoci vytviena australskou via-
dou [20].

Infobase - Léka'ska dopordeni pro klinickou
praxi Asociace lékidl Kanady [3].
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5.2. Clinical Guidelines Swicki

Technologie Swicki pro tvorbu vlastnich, cilenych vy-
hledavau, je sluzba spolmosti Eurekster dostupna od
listopadu 2005. Jak nazev aplikace napovida - Krom
vyhledavani (search) je jeji podstatou princip spolu-
prace komunity (analogie wiki), ktera dany vyhleda-
vaC (Swicki) vyuziva [18]. Vyhledavanazvany Clini-
cal Guidelines Swicki (obr. 2, 3) byl vyt¥en pomoci
formul&ového rozhrani [19] a je dostupny na adrese
http://clinical-guidelines-swicki.eurekster.com.
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Obrazek 1: Vysledky vyhledavani Iékakych dopordeni na internetu pomoci vyhled@eaRollyo.
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Obrazek 2: Vysledky vyhledavani Iékakych doporgeni na internetu pomoci vyhled&eaSwicki (Eurekster).
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WY Exercise Testing Guidelines - IV. After Myocardial

© voteforthisresult __ panagement of Patients With Acute
Myocardial ... the Clinical Application of Echocardiography
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Obrazek 3: Hlasovani uzivatell o uzitmosti vyhledanych webovych stranek pomoci vyhledév@wicki (Eurekster) umditije

postupné zvySovani relevance vysledkl vyhledavarii¢jise vyhledav).

5.3. Google Clinical Guidelines Custom Search En-
gine (CSE)

Google Co-op je vertikalni platforma v sou-
Casné dob nejmocejSiho horizontalniho vyhleda-

vaciho nastroje na internetu fgtupréna uzivate-
[m v Fijnu 2006. Vyhledava s nazvem Clinical
Guidelines CSE (obr. 4) byl sestaven pomoci for-
mul&ového rozhrani [10], [7], [8] a je dostupny na
http://googmed.googlepages.com/guidelines .

Obrazek 4:
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Virtually all patients, if they understand the benefits and risks, will take aspirin after
experiencing a myocardial infarction (I} or will comply with ...
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Vysledky vyhledavani Iékakych dopordeni na internetu pomoci Google Custom Search Engine jsoatigky

i situatné (kontexto@) vysoce relevantni.
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Rollyo Medical | Medical Guidelines | Medical Guidelines
Guidelines Swicki (Eurekster) CSE (Google)

Myocardial infarction 11800 43160 120
Hypertension 33500 177855 97
Diabetes mellitus 21900 24529 93
Chronic renal failure 12400 34265 91
Hepatitis C 38800 195039 96
Osteoporosis 12600 138701 101
Phenylketonuria 952 3720 30

Tabulka 1: Pctet webovych stranek vyhledanych pomoci cilenych vyhlatfawrollyo, Swicki (Eurekster) a Google CSE p
zadani zékladnich klinickych diagnéz.

6. Vyhodnoceni vytvdenych vyhledavasi davani pouze zadanych stranekefoze konstrukce
vyhledav@&e umohuje pozadované stranky ve vysled-
cich preferovat, satasné prohledavani celého webu
vyznamm@ snizuje relevanci vyhledanych vysledkd.
V dlouhodobém horizontu tento nedostatek vyvazuje
funkce umoaujici hlasovani uzivatelll o uziteosti je-
dnotlivych stranek (obr. 3). Nerelevantni nebo negHiv
ryhodné vysledky jsou tak znevyhbavany fed va-
lidnimi a relevantnimi zaznamy. Skdteost, Ze spolu
s preferovanymi webovymi strankami je prohledavan
také cely internet, tak mliZe bytiposem v tom, Ze vy-
hledavani je obohaceno o dalSi relevantni zdroje, které
pri vybéru zakladni sady webovych linkll byly opome-
nuty. Timto zplisobem komunitou ,,objeveny* a oéey
mohou byt autorem a soéasré moderatorem vyhleda-
Swicki (Eurekster)> Rollyo > Google CSE vaCe [idany mezi preferované odkazy a dostavat se
tak na pedni pozice ve vysledcich vyhledavani. Uve-
Jak doklada tabulka 1, je mnoZstvi dokumentt vyhleda- dena technologie tak respektuje slartest, Ze situani
nych pomoci Swicki a Rollyo s ohledem na 13 vybra- relevanci nejlépe mohou posoudit jedisami uZiva-
nych internetovych zdrojli néipatelné vysoké. V [bi- telé [22], ktéi svym chovanim (prohlizenim nebo opo-
pace vyhledavae Rollyo je tato skuténost dana tim,  mijenim jednotlivych webovych odkazli a event. hla-
Ze vyhledavaneprohledavaigsreé zadané stranky nebo  sovanim o jejich uziténosti) davaji vyhledava zpét-
jejich ¢tasti, ale celé domény, coz Zimé snizuje rele-  nou vazbu, na zakla@dkteré pak algoritmicky vyhleda-
vanci. Druhym dfivodem je fakt, Ze systém neurmg vané vysledky mohou byt korigovany @ici se vyhle-
zadani implicit@ vyhledavanych kdiovych slov, jako  dava").
tomu je v Fipace Swicki a Google CSE {pjejichz se-
stavovani byla zadana tatodtiva slova: clinical, medi- ~ Nejpresrgjsich vysledkil bylo dosazeno pomdgoo-
cal, guidelines). Tato kiova slova jsou systémem auto- 9le CSE TechnologieGoogle Co-opse ukazala jako
maticky zadavana do kazdého vyhledavaného dotazu. nejvice flexibilni. Ze systémi zde znéimych umoiuje
nejpresrejSi definovani obsahu, ktery ma byt prohleda-
V pfipac® ,komunitrg“ orientovananého vyhledaia van (tzv. URL vzorce [10]), a zadavani parametrll ovliv-
Swicki je vysoky p@&et dokumentll zplisoben tim, Ze nfujicich pdadi vysledkl vyhledavani [7]. Tuto skdte
tento nastroj prohledava krampozadovanych stranek nost dokladaji tabulka 1 a obrazek 4, které dokumentuji
solwtasre také cely internet, fjéemz neumaiuje (na nejlepsi zacileni na poZadované téma ve srovnani s ostat-
rozdil od Rollyo a Google CSE) samostatné prohle- nimi zde zmihovanymi vyhledavé.

VySe uvedené vyhledaga jsou zaloZeny v principu
na zcela odliSnych vyhledavacich strategiich, coz ve
svém dlsledku znesnade jejich striktni porovnani.
Pro (tely této prace byl kladen duraZquev$im na
vlastnosti a funkceiffmo ovliviujici nejenom tematic-
kou, ale gedevsim situéni relevanci vyhledanych do-
kumentl. Srovnani vytienych vyhledavéll shrnuji ta-
bulky 1 a 2.

Pfi zadani kl€ovych slov zachycujicich vybrané kli-

nické diagndzy poet vyhledanych dokumentli vzdy od-
povidal nasledujicimu vzoru:
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webovych adres

Rollyo Swicki (Eurekster) Google Custom Search
Engine (Google Co-op)
Limit
prohledavanych 25 Neni udan. Neni udan.

Adresy automaticky

redukuje na hlavni

Respektuje adresy
tak, jak byly zadany

Umoziuje prohledavani
celych doméni

Moznosti domény, (v€. subdomén), subdomén, §. presné
zadavani neumonuje neumonuje vSak specifikace obsahu, ktery
webovych adres presrejsi podrobréjsi ma byt prohledavan,
specifikaci obsahu, specifikaci obsahu, | pomocitzv. URL vzorct
ktery ma byt ktery ma byt (URL patterns).
prohledavan. prohledavan.
Moznost zadani
implicitn & - + +
prohledavanych
klicovych slov
MozZnost
vylouceni
reklam a - - +
sponzorovanych
odkaz{i

Je automaticky

Je mozné samostatné

jednotlivych
stranek

prohledavat zvIast

kaZzdou stranku

Je mozné sowtasti vyhledavani|  prohledavani obsahu
samostaté (neni | anelze ho odélitod | definovanéhov cileném
Prohledavani automaticky cileného vyhledavanil. vyhledavai i
celého internetu | souwtasti vysledkll | PoZadované stranky prohledavani celého
cileného je mozné ve internetu se zvyhodmim
vyhledavani). vyhledavani Ci zdkazem
zvyhodnit nebo pozadovanych stranek.
zakazat.
Prohledavani Je mozné Neni mozné

prohledavat zvIast
jednotlivé stranky

Neni mozné prohledavat
zvlast jednotlivé stranky

vyhledavate cileného cileného cileného vyhledawee.
vyhledavée. vyhledavé&e.
Preference nebo
restrikce
vybranych Neni mozna. Je mozna. Je mozna.
strdnek ve
vysledcich
vyhledavani
Vlastnost, Na z&kla@ hlasovani Je velmi flexibilni.
kterou se Umozuje uzivatelll vyhledava UmoZiuje gesné
technologie prohledavat koriguje paadi definovani obsahu, ktery
nejvice liSiod | jednotlivé domény. vyslednych ma byt prohledavan (URL
ostatnich dokument (obr. 3). patterns).

Tabulka 2: Srovnani technologif Rollyo, Swicki (Eurekster) a Googte @ pro sestavovani cilenych (vertikalnich) vyhleddva

PhD Conference '07

67

ICS Prague



Vendula Papikova

Online vyhledavani léKakych doporgeni

7. Zaver

Vysledkem této prace jsoti tspecializované vyhleda-
vaCe zan&ené na online vyhledavani lélskych dopo-

ruceni, které jsou dostupné pro dalsi vyuziti na webo-

vych adreséach uvedenych v textu tohoténku.

precizni, festo vSak finosna se projevila technologie
Swicki (Eurekster). VyhledavazaloZzeny na principu
spoluprace profesni (nebo zajmové) skupiny ma per-
spektivu spiSe v delSiasovém horizontu, a to jednak
proto, Ze umoiuje autorovi a sotas®e moderatorovi
vyhledav@&e zohledovat podity a preference uziva-

telll, a dale diky své schopnosti korigovat algoritmicky
Jako nejprecizejSi se projevila technologie Google Co- yyhledané vysledky s ohledem na chovani uZivatét p
op, ktera (v pipack dobré znalosti oborti tématu, které  yynjedavani informaci. Oba v z&w jmenované vyhle-
ma byt pedmetem prohledavani) umoaje prakticky  gavaci nastroje budou i nadale zdokonalovany a prii-
okamZzi€ vytvdit velmi precizni vyhledavacinastroj ge-  pazrs aktualizovany.
nerujici vysoce relevantni vysledky. Jako daleko &nén
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Abstrakt

V tomto prispévku se budeme zabyvat klasifikaci linearnich aprokimigh Gloh s ohledem na jejidieSitelnost
ve smyslu formulace tzv. Gplného problému nejmenstvirci.

1. Uvod
Uvazujme linearni aproxin@ai tlohu

AX = B, 1)
kde A € R™*" a B € R™*? jsou matice systému a
d-nasobna prava stran&f € R"*¢ je matice nezna-

mych. (Pokudl = 1 zn&ime pravou stranti a vektor
neznamych: .) Uloha (1) Ize ekvivaler preformulovat

[B|A] { }’d} ~ 0.

Zplisob aproximace tipsni nasledujici definice.

Definice 1 Minimaliza¢nfi Glohu

Quin [[GIE]]r, (A+E)X = (B+G), (2)

nazveme Uplnym problémem nejmensich &tverch (total
least squares problem, TL$&eSenim Gpiného problému

nejmensich &tvercli nazveme libovaki&pliujici (2).

Bez Ujmy na obecnosti budemdegdpokladatm >
n + d (v op&ném ipace matici [ B | A] doplnime
nulovymi fadky). Dale pedpokladejmed” B # 0
(v op&ném fipack, tedy jsou-li obory hodnot matié¢ a
B vzajemré ortogonalni, snaha aproximovatpomoci

sloupcll maticed postrada smysl a Ize ukazat, Ze pro-

blém (2) ma triviadlniFeSeni).

PhD Conference '07

2. Ulohy s jednou pravou stranou

Uplny problém nejmensichtverct prod = 1 (Glohu

s jednou pravou stranou) prgranalyzovali Gene Go-
lub a Charles Van Loan [1], 1980. Ukazali, Zze Uloha
(2) nemé obeadareSeni. Za fedpokladu, ZéeSeni exis-
tuje, nemusi byt jednoziaé; zavadi séeSeni mini-
malni v norng.

Sabine Van Huffel a Joos Vandewalle [5], 1991, nazy-
vaji problém (2) si = 1 jez nem&eSeninegenerickym
Zavadeji pro Bj tzv.negenerické feSeriteré vZdy exis-
tuje a Ize definovat tak, Ze je jednozm&. VVyznam ne-
generickéhdeSeni ovsem nenfitis zfejmy.

Analyzu problému s jednou pravou stranou uzatiéa
nek Christophera Paige a Ztlea StrakoSe [6], 2006. Za
predpokladu ortogonalni invariance ulohy (1) Ize uka-
zat, Ze existuji matice®> € Rm*m, p~t = pT a
Qe R™™, Q7! = QT takové, ze

b1||A11| 0
3
o0 [4s] ©

PT[b]AQ] =

pricemz matice b; | A11 ] ma minimélni dimenzi fes
vSechny ortogonalni transformace vedouci na blékov
diagonalni strukturu (3). Plvodni tloha (1) se tak roz-
padne na dva nezavislé podproblémy

Az = by, Aspzo = 0.

Lze ukazat [6, 1], Ze prvni z obou podproblémivisly
feSitelnyve smyslu Definice 1 a navic jefiesSenix; je
jednoznacnéPodproblémd; z; ~ b; hazyvamecore
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problémemDale Ize ukazat, Ze vektor

— zy
T =Q [ 0 }
je identicky sfeSenim minimalnim v norén dle Go-
luba a Van Loana [1], existuje-li, respektivedeaSenim
negenerickym [5] v fipacg, ze (2)feSeni nema. Teorie
core problému tak dava konceptu negenerické&l$eni

dol¥e interpretovatelny vyznam. Pro podrad$i vyklad
viz [6, 2, 3] pfipadre [7].

2.1. Klasicka analyza uloh s jednou pravou stranou

jednozn&néresitelnosti core problému ve smyslu Defi-
nice 1. Nasi snahou je rofituto teorii, zejména ideu
redukce Ulohy na core problém, na ulohy s nasobnou
pravou stranou, tedy pré > 1. Je tedy nutné é&ckt,
kdy je dany Gplny problém nejmensictverch (2)fesi-
telny.

Analyzou existence a jednozireostifeSeni pro Glohy

s nasobnou pravou stranou se zabyvali Sabine Van Hu-
ffel a Joos Vandewalle, [5]. Analyzovali vSak je@n
které specialni pfipadyobecna analyza chybi, viz [5,
poznamka na str. 66]. Navzdory tomu algoritmus f@o
Seni GpIného problému nejmensittherct, tzvTLS al-

O tom, zda problém (2) s jednou pravou stranou mé nebogoritmus viz [4], [5, Algoritmus 3.1, str. 87—88], vrati

nemareseni, pipadré o tom, zdaeSeni, existuje-li, je
jednozn&néci nikoliv, Ize rozhodnout na zakl&dpra-
vych singularnich vektort a distribuce singularnidh
sel rozSiené maticd b| A]. Uvazujme tedy singularni
rozklad

[b|A] =UZVT (4)

01> ...>0p > 0py1 = ... =0py1 >0 (5)

singularnicisla maticg b | A]. Déle uvazujme néasledu-
jici déleni matice pravych singularnich vektorl

v-| |

kdeVi; € RY>¥P, Vp € RIX(=ptl) [ y5) € R™*P,
Vay € RM*(n=p+1) (Pokudo; = 0,41, pakp = 0
ao,, Vi1 a Vo neexistuji. V [5] maji bloky matice (6)
jiné paadi.) Plati nasledujiciéta.

Vi1
Vai

Via

Vs (6)

Véta 1 Necht je danalinearni aproximacni tloha (1) a

d = 1. Uvazujme singularni rozklad (4), se znacenim

zavedenym v (5)—(6).

Uplny problém nejmensich ¢tvercl (2) ma fedeni tehdy pnx(d—e)

a jen tehdy, kdy¥i, # 0.

Navic pokudp = n, pak je toto feSeni jednoznacné,
pokudp > n pak Ize zkonstruovat feSeni minimalni
vV norme.

Dlkaz viz[1, 5]. (V op&ném gipac Vi, = 0lze vzdy,
jak jiz bylo feeno, zkonstruovat jednoztr@é negene-
rické feSeni, viz [4, 5], které vSak neréSenim Ulohy
(2) ve smyslu Definice 1.)

3. Ulohy s nasobnou pravou stranou

V €lanku [6] je pro Ulohy s jednou pravou stranou vyu-
Zito klasické analyzy, zde shrnuté vét® 1, k diikazu
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~redeni” pro libovolnou Glohu (1). Jednim z krokl ve-
doucich k roz8eni teorie core problému na Ulohy s na-
sobnou pravou stranou tak je zaghi analyzyfeSitel-
nosti problému (2).

3.1. Klasicka analyza uloh s vice pravymi stranami

Specialni pipady analyzované v [5] budemeé&den-
tifikovat pomoci pravych singularnich vektorll a distri-
buce singularniclgisel rozSiené maticg B | A]. Uva-
Zujme tedy singularni rozklad

[B|A] =UxVT Q)

a

012 ...20p >0pfl = ... = Opgl = ...

> On+d >0

C)

= Opte > Ontetl = ---
singularnicisla maticé B | A]. Dale uvazujme néasledu-
jici déleni matice pravych singularnich vektor(

Vii | Viz | Vs

V =
Vaor | Vao | Vas |7

)

kde Vi; € Rpr, Via € Rdx(n7p+e)’ Vis €
Rdx(d—e)’ Vo, € R7XP Vao € Rnx(n—p-ﬁ-e), Vas €
.(POkUdUl = Op+1, pakp = OaO'p, Vi1
a V51 neexistuji, obdobé pokudo, 1 = onta, pak
e = daopier1, Viz a Voz neexistuji. V [5] je @&leni
matice (9) zavedeno jinak, bloky maji navic jin&adi.)
Plati nasledujici &ta.

Véta 2 Necht je dana linearni aproximacni tloha (1).
Uvazujme singularni rozklad (7), se znacenim zavede-
nym v (8)—(9).

Nechtrank ([Vi2|Vig]) = d a zarovefp = n (tedy
[Vi2 | Vi3] je Ctvercova nesingularni matice). Pak Gplny
problém nejmensich &tvercl (2) ma feSeni a toto feSeni
je jednoznacné.

Nechtrank ([Vi2|Viz]) = d a zarovere = d (tedy
vSechna singularni Cisla pocCinajg, jsou si rovna).
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Pak Uplny problém nejmensich &tvercll (2) ma neko- rovel rank (Vi2) > e. Treti a posledni moznosti je,
necné mnoho feSeni, Ize zkonstruovat feSeni minimalnize maticeVy3 nebude mit piny (sloupcovy) rank, tedy

v normeé (spektralni i Frobeniové).

Necht rank ([Vi2 | Vig]) < d. Pak Gplny problém
nejmensich &tverctl (2) nema feseni.

Dlkaz viz [5]. V gfipac®, Zerank ([ Vi | Vis]) < d,
Ize vzdy zkonstruovat jednozéaé negenerickéeseni,
viz [4, 5].

VSimnéme si, Ze zatimco &a 1fika, Ze existencée-
Seni jeekvivalentnis nenulovosti jistého bloku matice
V', Véta 2 pouze implikuje existeni@Seni ve dvou spe-
cidlnich gipadech.

3.2. Revize analyzy uloh s vice pravymi stranami
Pripad

rank ([Vi2|[Vis]) =d, p<n, e<d (10)

neni z hlediskafeSitelnosti ve smyslu Definice 1
v nam znamé literafie vibec analyzovan. Ob-
vykle je tento ffipad interpretovan nasledujicim zp0-
sobem: Protoze aproxirdai Uloha (1) je chapéana
jako perturbaceplivodré kompatibilniho systémijsou
vSechna singularncisla, tedy iopicir1, .- Onid,
zatizena chybou. Nahradime-li tato singulagigla
CislyGptet1s -+ s Tntq FOVNYMio, 11, zredukujeme
obecny pipad (10) vzdy na druhy specialnfipad po-
psany \&tou 2, tzv.truncated TLSkoncept, viz nap

rank (Vi3) < d — e, pak ale nutdrank (Vi2) > e.
Klasifikaci tloh zgiehledni nasledujici definice.

Definice 2 Uvazujme znaceni zavedené v (7)—(9).
Mnozinu vSech dloh (1), které splhuji podminku
rank ([Vi2|Vi3]) = d, oznatimeF . MnozZinu vSech
dloh (1), které podminkuank ([Vi2|Vis]) = d ne-
spliuji, oznacimé . Dale

e mnozinu vSech UlohZ , pro nézrank (V12) = e
(atedyrank (Vi3) = d —e), oznaCimeF; .

e MnoZinu vS8ech Uloh F, pro néZrank (Vi3) =
d — e a zarovefrank (V13) > e, oznatimer; .

e MnoZinu vSech Uloh Z#, pro nézrank (Vi3) <
d — e (atedyrank (V12) > e), oznaCimeFs.

Mnoziny 7y, F2, F3 a S jsou Zejmeé disjunktni a
zfejmeé pIatiU;’?:l F; = F. Ulohy majicifeSeni ve
smyslu Definice 1 popsanéétbu 1 (fipadd = 1) a
Vétou 2 (fiipadyp = n neboe = d) vzdy sphuji

podminkurank (Vi3) = e, pafi tedy do mnoziny#; .

V [8] bylo ukazano, ze plati nasledujicdta zobeiuijici
toto pozorovani.

Véta 3 Necht' je dana linearni aproximacni uloha (1).
Uvazujme singularni rozklad (7), se znatenim zavede-
nym v (8)—(9). Pfedpokladejmenk ([ V12 | Vis]) =

[5, posledni odstavec na str. 77]. Tim miiZe byt diskuze d-

0 existenciesSeni uzakena. S touto myslenkou pakip
rozere koresponduje fakt, Ze klasickyigtup, prezento-
vany naj. v [5], pracuje témdr vyhradré s celym blo-
kem [ V15| Vi3]. Chceme-li ovS8em diskutovdesitel-
nost problému (2) obeé&y bez uvazovani dalSich per-
turbaci Ulohy, musime provést jegsi analyzu Glohy
s vice pravymi stranami. Pro geby této analyzy navr-
hujeme pracovat s bloky/, a Vi3 odcElere.

Analyzu provedeme pro nejobegsi gipad ulohy (1)
sphujici podminkuank ([Vi2 | Viz]) = d. Speciélni
pfipady uloh popsanych &tou 1 (Glohy s jednou pra-
vou stranou) a ¥tou 2 firozere vyplynou jako pipady
se specialnimi hodnotarai, p a neboe. Snadno na-
hiédneme, Ze matict;; € R%*(?=¢) nemiize mit za
predpokladurank ([ V12 |Vis]) = d rank \etSi nez
d — e, z tehoZ vyplyva, Ze matick}, € RIx(n—prte)
nemuize mit rank mensi nez Plny fadkovy) rank ma-
tice[ V12 | Vi3] je tak mozno mezi bloky;» aVis ,roz-
délit” tfemi rbznymi zplsoby. Kdyzank (Vi2) = e,
pak nutré Vi3 musi mit plny (sloupcovy) rank, tedy
rank (Vi3) = d — e, op&na implikace oviem ne-
plati. MUZe se tedy stat, 2ank (Vi3) = d — e a za-
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Je-li danid dudloha z mnoZinyF; (tedy pokud
rank (Vi2) = e), pak dplny problém nejmenSich
¢tvercll (2) ma feSeni. Ma-li Uloha vice neZ jendo fe-
Seni, pak lIze zkonstruovat feSeni minimalni v normé
(spektralni i Frobeniové).

Je-li dand uloha z mnoziny#, (tedy pokud
rank (Vi3) = d — e a zarovefrank (Vi2) > e), pak
Gplny problém nejmensich ¢tverct (2) ma feseni.

Je-li dand uloha z mnozinyF; (tedy pokud
rank (Vi3) < d — e), pak Uplny problém nejmensich
¢tvercll (2) nema feseni.

Nazn&ime pouze zakladni myslenku diikazu, Gplny du-
kaz viz [8]. Lze ukazat, ze existent&Seni Uplného pro-
blému nejmensickitvercli je ekvivaleni s existenci or-
togonalni maticdy € R(»—pt+e)x(n—pte) takové, Ze
ViesW = [A|Ty], Ty € R¥¥¢, kdettvercova matice

I' = [T'1| Vi3] je nesingularni Pro Glohy z mnoziny
F1 U Fy vzdy takova maticdV existuje. Navic pro
tlohy z mnozinyF; vzdy existujeW = W, takova,
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ze A = 0; jejim uzitim konstruujemédeSeni mini- v norme (nag. W = diag (Wy, I4_.)). Dale Ize uka-
malni v norng, které je jednozrémé (nezavislé navod  zat, ZefeSeni libovolné Ulohy z mnozing, U F5 vy-
Wo ). Pro dlohy z mnoziny%, je A # 0 pro libovolné poctené TLS algoritmem nerfeSenim odpovidajiciho

W ; existence afipadna jednozriaostteSeni minimal- problému (2); méa charakter negenerickébseni, které
niho v norn@ zatimneni jasnaPro Glohy z mnozinyFs TLS algoritmus vraci i pro Ulohy z mnoziny . (Zde je
zfejmé zadna matic@/ davajici nesingularii' neexis- tfeba dat pozor na uZitou terminologii, rfap [5] se ter-
tuje. minu negenerickéeSeni pouziva vyhraénv kontextu

tloh z mnozinyS, v [8] a také zde se o negeneric-
Oproti tomuteSeni Ulohy z mnoziny spcitené TLS  kém feSeni hovii navic i v kontextu tloh z mnoziny
algoritmem je jednozrée urCeno libovolnou ortogo- 7, U F3). Negenerick&eSeni nenfeSenim Glohy (2)
nalni matici W € R(-rtd)x(n=p+d) takovou, Ze  ve smyslu Definice 1.

[Viz|[Vis]W = [0|T], kde&tvercova maticd™ je
nesingularni. Takova matid& existuje pro libovolnou  Vzajemny vztah mezivlastnostmi dané Glohy a existenci
Ulohu z mnozinyZ . Pro tlohy z mnoZiny%; TLS al- feSeni problému (2) &Senim spétenym TLS algorit-

goritmus spate praeé reseni problému (2) minimalni  mem shrnuje nasledujici schema.

TLS algoritmus vyp6te TLS algoritmus vypote TLS algoritmus vyp6te
Fedeni minimalni v nor@ negenerick&eseni negenerick&eseni
l«—— FeSeni existuje{ feS. min. v norma?) e feSeni neexistujg——»

Fi Fo F3 S
_ rank(Viz) =e |  rank(Viz) > e | rank(Vi2) > e
- rank (Vi3) = d—e i rank (Vi3) = d—e i rank (Vi3) < d—e

dlohy, pro kteréank ([ Viz2 | Vis]) = d rank ([Viz2 | Vis]) < d

-
lineérni aproximéni tlohaA X ~ B

4. Zaver pravou stranou, které jsou dany ve formé core problém{

Zda je pro ulohy z mnozinyr, smyslupl@jsi prefero- Al ol o~ AL 2~ pl

vat skuté€néreSeni problému (2), které vzdy existuje, . . oL o

¢i feseni negenerické vyptené pomoci TLS algoritmu, & Maji tedy dle [6] jednoznacné feSeni. Prepokladejme,
neni zatim jasné. Obdobrvyznam samotného negene- Z€

rickéhofeSeni pral > 1 neni lis zfejmy. Tmin ([01 [ A11]) > omax (07 [ AT} ).

Jinak feceno, vSechna singularni isla prvniho core pro
blému jsou ostfe vétsi nez nejvétsi singularni Ciste dr
hého core problému. V [8] je ukazano, Ze rozSifena ma-
tice approximacniho problému

Uzitim datové redukce, ktera zoliage pojem core pro-
blému pro dlohy si > 1, viz [8], Ize v jistych typic-
kych pfipadech (analogickych s Glohami s jednou pra-
vou stranou) smysluplnost negenerickée8eni inter-
pretovat obdob@jako v gipace d = 1. Zda mezi tyto AL 1o blo
pfipady mohou pdit i Glohy z mnoZinyF, zatim neni { 0 AL } X ~ [T'—b‘l'r} . (11)
jasné.

ma minimalni dimenzi a pfedstavuje tak analogii core
Na druhou stranu je v [8] ukazano, Ze existuje cEldt  problému v dané tloze se dvéma pravymi stranami. Déle

problémd, pro BZ vykazuje koncept negenerickéi®  je v [8] ukazano, Ze TLS algoritmus aplikovan na (11)
Seni ne zcela uspokojivé chovani. llustrujme tento jev na yrati negenerické feseni
prikladu.
2 |0
Priklad 1 Uvazujme dvé (nezavislé) ulohy (1) s jednou X = [ 010 } ’
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namisto intuitivné ocekavaného

I
_ |2 | 0
X_{O xl}'

Zde prezentovana analyza a dosavadni vysledky nazna-

Cuji, ze zdanlie elementarni formulace Uplného pro-
blému nejmensiclitvercil (2) pro Glohy s vice pravymi
stranami je mnohem komplikovajsi a komplexajsi

nez je tomu u Uloh s jednou pravou stranou. Vzhle-

dem ktomu, Ze existuje realna pelbaresit aproximani
Ulohy s vice pravymi stranami (napnulti-input multi-
output dynamické systémy v teofiizeni), budefeba
dalSiho studia dané problematiky.
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Abstrakt

Cilem této prace je lexikalni analyza textovych [E#gch zprav a dale porovnani informace obsazené v textovyc
léka'skych zpravach s informaci obsazenou ve strukturovargvatiti dokumentaci uloZzené s pouzitim softwarové
aplikace ADAMEK. Informace obsazena v textovych zpravaEipgrovnavana se strukturovanou informaci podle
Minimalniho datového modelu pro kardiologii.

Kli Cova slova:kardiologie, textové lIékaké zpravy, informace, minimalni datovy model.

1. Uvod Udaje. Ty ale nejsou do analyzy zahrnuty, jelikoz lé-
kafské zpravy, které byly analyzovany, byly anonymi-
Hlavnim tématem tohot@lanku jsou textové IéKaké zované a tudiz bez administrativnich udajd.
zpravy a zejména jejich lexikalni analyza. K analyze
byly pouzity textové lékeské zpravy ze vstupnich vySet- Dale mezi Gdaje MDMK piit znaky tykajici se riziko-
feni, kontrolnich vy3@eni a propousici zpravy z rliz-  vych faktorli. U rekterych rizikovych faktorli je dlezité
nych ¢asovych obdobi. Hlavni diiraz byl kladen na za- nejenom konstatovani, zda je nebo neiitigpnen, ale je
pisovani znakl spojenych s kardiologii a zejména na potrebna i jeho kvantifikace. Naiklad ®lesna aktivita
znaky z Minimalniho Datového Modelu Kardiologic- ma pozitivni €inek na snizeni celkového kardiovasku-
kého pacienta (MDMK), ktery byl vytv@n v rdmci vy- larniho rizika. Alkohol ma ambivalentnicinek. V ma-
zkumného centra EuroMISE - Kardio v letech 2000- lych davkach sniZzuje kardiovaskularniriziko, ale naopak
2004. Zapisovani&chto znakidl bylo v z&rené fazi  ve vySSich davkach ho zvySuje. FeSyrazméjsi (Einek
porovnavano se strukturovanymi |¢kymi zpravami,  maji léky. DilleZité ale byvaji takéasové vztahy.
zapisovanymi pomoci softwarové aplikace ADAMEK

(Aplikace Datového Modelu EuroMISE centra - Kar- MDMK se sklada z osmi skupin znakdi. Natzaku je ro-
dio), pouzivané v ambulanci preventivni kardiologie, dinna anamnéza, nasleduje socialni anamnéza a toxiko-

umiséné v budog Ustavu informatiky AVCR, V.V.i. manie, osobni anamnéza, sagné obtize mozného kar-
didlniho plivodu, dosavadnitia, fyzikalni vySeeni a
blok parametrli EKG.
2. Minimalni datovy model pro kardiologii
Na zakla@ MDMK byla vytvafena softwarova aplikace
Minimalni datovy model kardiologického pacienta [1], ADAMEK (Aplikace Datového Modelu EuroMISE cen-
[2] je vysledkem dlouhodobého procesu. Jelikoz je kar- tra - Kardio). Po jejim dokoteni byl od iezna 2002 za-
diologie velice rozsahly obor, MDMK je z(zen na héajen sir dat v ambulanci preventivni kardiologie Eu-
ateroskleroticka kardiovaskularni oneméan Cilem roMISE centra, umiginé v Ustavu informatiky AR,
MDMK bylo vytvofit minimalni soubor znakd, které je  v.v.i.
potfeba u kazdého pacienta z pohledu kardiologie sledo-
vat, aby mohl byt pacient ¥fazen mezi osoby nemocné
&i rizikové a to z hlediska arterialnich kardiovaskular- 3. Jazyk textovych zprav

nich onemocani.
Styl zapisovani textovych zprav neni nijak standardizo-

Mezi znaky MDMK pali nezbytné administrativni  van. Rozdily najdeme nejenom ve zpravéch od rliznych
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Iékarll, ale i jednotlivi 1éké Casto zapisuiji stejné kon-
cepty v rliznych tvarech. V nasleduji@sti se za&ime
na jiz zmiréné jazykové, lexikalni, rozdily v 1ékskych
zpravach.

Diakritika: Neéktei Iékafi zapisuji text bez pouziti
diakritiky, nag. "Bricho mekke nebolestive". &Sina
z nich diakriticka pismena ale pouziva.

Preklepy: VeétSim problémem jsoufpklepy, které jsou
velmi Casté a text je potom déle veln@zce pouzitelny
pro strojové zpracovavani.

Mezery: Podobnou zalezitosti je i vynechavani me-
zer mezi slovy, kdy se ze dvou slov stava jedno slovo,
jako nagiklad "pivoprestal”. Lékdi se rlizni v zapiso-
vani mezer ped jednotkami. MGizeme se setkat jak s tva-
rem s mezerou, n@p"2,5 mg", tak i s tvarem bez me-
zery, nap. "4mg". Tak to je i s tvary, kde se pouziva lo-
mitko. Nektei Iékafi pouzivaji variantu bez mezer, nap
"80/min", jini variantu s mezerami "70 / min".

Cislice 0: Pro strojové zpracovani je také slozité, kdyz
nektei Iékafi pouzivaji mistaCislice 0 velké pismeno O.

Zkratky: Jelikoz lékdi mivaji maloCasu na zapisovani
zprav, dochazi ke zkracovani slov. Zkracené tvary ale
byvaji rtizré dlouhé, napiklad kyselina méova byva
zkracovana jako kys. nito, kys. m@ova nebo KM.
MUliZe se stat, Ze v jedné a té samé zprjavslovo zkra-
ceno dvakrat a pokazdé jinak. Se zkracenymi tvary sou-
visi také to, Ze se setkavame s vynechanibkyeza
zkracenym slovem, ndip'levostr kard insuf.".

Zaokrouhlovani: Dalsi ¢ast, ve které mizeme nalézt
mnoho rozdilli, souvisi &iselnymi hodnotami. Zde se
miiZeme najiklad setkat u stejného znaku u jednoho Ié-
kafe se zaokrouhlovanim hodnot na céléla, u jiného
Iéka’e s uva@nim hodnot nezaokrouhlenych fepnosti
na jedno nebo d¥ desetinn&isla. Nekdy jsouciselné
hodnoty znaku uvahé jako rozmezi, nd@p"70-80".
Castokrat byva zadan pouzéilgizny Gdaj, napiklad
"diastolicky tlak kolem 70". U &kterych znak{ nejsou
hodnoty vyjadenycislem, ale pouze slognnap. "tlak

je zcela v mezich normy".

Rimské a arabskéislice: Rozdil je i v pouzivanfim-
skych a arabskycbislic. Nagiklad u zapisu o srdmich
ozvach lze najit jak tvar "ozvy 2", tak i "ozvy II".

zpUsoby: tep versus P versus fr. a mnoho dal3ich.

Pravopis: Néktdi lékai pouzivaji starSi formy pravo-
pisu, rektgi novéjsi, takze se miizeme setkat hage
znakem "cyanoza", "cyanosa"”, ale i "cyanoza" nebo "hy-
perlipoproteinemie”, ale i "hyperlipoproteinémie”.
Casové tdaje:Ani zaznamenavarsasovych tdajtl neni
sjednoceno. V lékakych zpravach se objevuje jak na-
zev nesice, nap "tnor 2006", tak i péadi mésice, nap
"2/2006".

Podavani 1ékl: Velmi odlidné je i zapisovani rozpisu
podavani léki. Stejna informace, kdy jedna tableta Iéku
ma byt podavana rano, byva zapsana takto: 1 rano, 1x
rano, 1-0-0, 1 tabl. rano. SetkAvame se i s pouze slov-
nim vyjadenim davkovani, jako ndiklad "jen Zidka",

"tabletu vezme az v poledne”, "degih "obd", "@ilezi-
tostre", "pri bolesti", "dle hodnot QT".

Hodnoty znakl: Casto jsou stejné hodnoty znaku zapi-
sovanyradou rliznych zplisobtl. Néklad:

e Hodnota znaku diabetes mellitus byva zapsana
jako: diabet, diabet., diabetes mellitus 2. typu, di-
abettka 2. typu na digt, diabetes mellitus Il. typu
na dieg, DM 2.typu, DM 2. typu.

Dolni kontetiny bez otokll miizeme nalézt za-
psanéémito zplisoby: otoky DK nepozoruje, DK
bez otokll, DK - bez otokll, DK neotékaji, DK
bez otoku, DK otoky 0. Btom se jednd stale o tu
samou informaci.

Kdyz hledame v textovych zpravach informace
o dusnosti, najdeme tyto tvary: neni dusna, neni
dusn, dusnost nepozoruje, dusnost neudava, bez
dudnosti.

Jak uz jsme sefélve zminili v souvislosti se syno-
nymy, u hmotnosti byvaji tyto informace: hmot-
nost 86 kg, V 86 kg, vaha 86 kg, vaha 86 kg.

Pfi studiu textovych |ékiskych zprav bylo nale-
zeno @t moznosti, jak byva zapsano, ze je €rmie
akce pravidelna: akce srd. prav., AS pravid., AS
prav., akce pr. a cor- AS pravid.

Triacylglyceroly byvaji v textovych Iékakych
zpravach zkracovany jako Tg, Tgl nebo TAG.

Z této lexikalni analyzy vyplyva, Ze vymezeni, pojme-
novani a tidéni lékdskych pojml neni optimalni. Pro

jeden pojemcasto existuje mnoho synonym. Tato ne-

Synonyma: Cesky jazyk je velmi bohaty na synonyma dostaténa standardizace v medicinské terminologii je

a ta nachazime i v Iékskych zpravach. Jakofrilad
uved'me dolni kogetiny versus nohy, hmotnost ver-
sus vaha, iregularni versus nepravidelny, praktickyiéka
versus obvodni [éKaversus prakt. Iékaversus PL ver-
sus OL. Tepova frekvence byva zapsaieati riiznymi

PhD Conference '07

76

velkym problémem pro dalSi zpracovavani biomedicin-
skych dat. Obeahje velmi vyhodné vyuzivat v odborné
terminologii pro jeden pojem vzdy pouze jediny vyraz.
Synonymie v odborné terminologii vedéi sdélovani
informaci navic k nefgsnostem a nedorozémi.
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4. Mezinarodni klasifikacni systémy

Aby doslo k omezeni variability vyj@dvani, vznikaji

96,30 % textovych |lékakych zpravach jsou zazname-
nanyléky, které pacient uziva nebo které Iékeve ple-
depisuje. Ihmotnoste zaznamenana v 96,30 % zprav.

kédovaci systémy, které pouZivaji namisto schvalenychOproti tomu vyska uz pouze v 74,07 % zprav. V analy-

termint formalni kody. Vhodny kodovaci systém tak
rychle poskytne kéd pro libovolny biomedicinsky po-
znatek v pipacg, Ze je u daného pacienta znamy. Kla-

zovanych textovych zpravach sékieré znaky MDMK
neobjevily ani v jednom ippace. Jedna se néijxlad
o tyto znaky:aneurysma aorty, angina pectoris, blo-

sifikatni systémy jsou takové kédovaci systémy, které kada ramének, endarterektomie karotid, hyperkalemie,

jsou zaloZeny na principu vytv@ni fid. Tridy tvori
agregované pojmy, které se shoduji v algspadnom
klasifikatnim znaku. Tidy klasifikace musi pokryvat
Uplné vymezenou oblast a nesmi sekryvat. Tvorba
klasifikatnich systém0 byla motivovandquevsim je-
jich praktickym vyuzitim v evidenciffdéni a statistic-
kém zpracovani |ékaké informace. Mezi nejznagysi
mezinarodni klasifikéni systémy pét nagiiklad Mezi-
narodni klasifikace nemoci (MKN), Systematized No-
menclature of Medicine (SNOMED), SNOMED Clini-
cal Terms (SNOMED CT), Medical Subject Headings
(MeSH), Logical Observations Identifiers, Names, Co-
des (LOINC) a mnoho dalSich, vice nez sto, klasiika
nich systémd.

Rostouci pdet &chto klasifikénich systémi si vyzadal
vytvéreni riznych konverznich nastrojli priepod mezi
hlavnimi klasifik&nimi systémy a pro zachyceni vztahl
mezi terminy v &chto systémech. NejrozséhlejSim pro-
jektem tohoto druhu v dne3ni délje Unified Medical
Language System (UMLS) [3], [4], [5]-

Velkym problémem fi vyuziti klasifikatnich systémd
ve zdravotnictvi VCeské republice zlistava neexistence
¢eskych klasifikanich systémii jejich vhodnychtes-
kych prekladl a z tohoto diivodu je fleba terminy nej-
prve fekladat, zejména do anglického jazyka, pro ktery
je vétsina klasifikénich systémi vyhiena.

Mapovani terminologie v aplikacich elektronického
zdravotniho zdznamu na mezinaréduouzivané klasi-

fikacni systémy je zadkladem pro interoperabilitu hetero-
gennich systému elektronického zdravotniho zaznamu.

5. Analyza znakll MDMK v textovych Iékarskych
zpravach

V analyze textovych Iékakych zprav se vychéazelo ze
znakll Minimalniho datového modelu kardiologického
pacienta. Jak uZz bylo uvedeno vySe, liéka& zpravy
byly anonymizované a z tohoto diivodu nebylo mozné
analyzovat administrativni data.

KdyZz se podivame na jednotlivé znaky, tak podizssto-

licky a systolicky tlaksou zaznamenany ve vSech tex-
tovych Iékdskych zpravach, které byly analyzovany. V
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ICHDK, ischemicka CMP, kdy zjiStén DM, kdy zjiSténa
HLP, manifestni onemocnéni perifernich tepen (jinych
nez ICHDK), medikamentézni IéEba HPL, méstnavé sr-
decni selhani, néma ischemie, porevmaticka chlopnova
vada, sifokomorovéa blokadatélesna teplotaAlergie

na lék je zmiréna ve 22,22 % zprav, to, zda pacient
pije nebo nepijealkohol v 51,85 % zpravbolesti na
hrudi v 37,04 %.Celkovou psychickou zat@azname-
nava 11,11 % zpravyzickou zatéz v zameéstndti,11

% zprav,celkovy cholesterof0,37 %, piti cerné kavy
22,22 %,rlzna dalsi vySetfovan62,96 %.Dechova
frekvencebyla nalezena ve 3,7 % zpradiabetes mel-
litus ve 40,74 %dietau 59,26 %,glykémieu 51,85 %,
HDL cholesterolu 66,67 %. Se zaznamenanifitpm-
nosti/nepitomnostihypertenzgsme se mohli setkat u
70,37 % hypertrofie levé komony 11,11 %, snfarktem
myokardw 14,81 %, rlimérnym mnoZzstvim cigaret u
kufakau 51,85 % a tak dale.

Lze tedyfici, Ze @i zapisovani vysledkl vySemni po-
moci volného textu zlistava plno znakd nezaznamenano.
K tomu mlze dochazet zékolika dlivodll. Léké ne-
maji presré danou osnovu, podle které byetnpostu-
povat a mliZe se stat, Ze nakteré znaky mohou za-
pomenout. V softwarovych aplikacich je tomuto pro-
blému zabraéno tak, ze pokud IéKanevyplni zadanou
poloZku, program mu nedovoli pokiavat. Dalsi dtivod,
pro¢ nejsou ekteré znaky v textové zpravzazname-
nany, mize byt fakt, Ze |Iékiaam ze znalosti fedcho-
zich znaki vyplyne, Ze dal3i znak nemiiZe dytogmen

a proto se jiz na @ dale nezeptaji a nezaznamenaji ho. Z
textové zpravy ale nevyplyne, zda skéné byly u paci-
enta zjiStovany tyto zakladni informace, z jejichz hod-
not lékdi hodnoty dalSich znakll sami svymi znalostmi
vyvodili.

6. Softwarovéa aplikace ADAMEK

Jednim z cildi, na které se v posledni daboblasti bi-
omedicinské informatiky soustd'uje stale etsi Usili,

je vytvoreni databazovych systémi spiié se soft-
warovymi nastroji, které by mohly analyzovat ziskané
Udaje. A tak i po zformovani Minimalniho datového
modelu kardiologického pacienta vyvstal@rpzena po-
tfeba shirat data o pacientech v souladu s timto mode-
lem. Navic, aby tato data byla di@pouzitelna pro na-
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sledné statistick&i jiné zpracovani a vyhodnocovani,

bylo zadouci, aby tato data byla sbirana jednotnym zpa-

sobem. Z tohoto dlivodu byla vytkena aplikace ADA-
MEK (Aplikace datového modelu EuroMISE - Kardio)
[6], [7]. Byla sice snaha tvit aplikaci ADAMEK jako
systém, ktery by mohl slouzit pro vedeni elektronické

ADAMEK uveden u 83,36 % zprav, v textovych léka
skych zpravach to bylo v 70,37 %ti®bmnost nebo ne-
pritomnostdiabetu mellitubyla v softwarové aplikaci
vyplnéna u 95,89 % léKakych zprav, u textovych lé-
kafskych zprav to bylo 40,74 %lykémigie v aplikaci
ADAMEK uvedena u 77,64 % zprav, v 51,85 % v tex-

zdravotni dokumentace v kardiologickych ambulantnich tovych Iékdskych zpravachCholesterbje zaznamenan

zdizenich, ale neni to jeji primarniteni. Z tohoto du-
vodu v ni nejsou implementovany zadné funkcea-
stroje vykaznictvi pro zdravotni pojiStovny, statistéck
nastroje &ada dalSich funkci.

Cely zdznam o pacientovi je rozkkn doCasti adminis-

v softwarové aplikaci v 917 zpravach, coz je v 82,02
%, zatimco v textovych Iékakych zpravéach se se za-
znamenanim tohoto znaku muizeme setkat v 66,67 %
analyzovanych zprav. Nejblize k sblmaji oba druhy
zprav uhmotnosti ktera je v aplikaci ADAMEK za-
psana u 97,94 % zprav a v textovych l&{aych zpra-

trativa, rodinna anamnéza, socialni anamnéza, alergieyach v 96,30 %. Se zaznamenanifftgmnostici nefi-

osobni anamnéza, obtize¢lé, fyzikalni vySdeni, la-
boratorni vySdeni a EKG.

7. Analyza znakli MDMK v softwarové aplikaci
ADAMEK

Pro analyzu bylo vyuZzito 1118 |ékskych zprav z am-
bulance preventivni kardiologie EuroMISE centra.

Ve vSech lékéskych zpravach, tedy ve 100 %, byla za-
znamenana ndiklad alergie na lék, aneurysma aorty,
angina pectoris, bolest na hrudi, otoky dolnich konce-
tin, dusnost, hypertrofie levé komory, infarkt myokardu,
ischemicka CMP, jina alergie, kaSel po ACE inhibi-

tomnostihypertenzee setkame v 95,26 % zprav z apli-
kace ADAMEK, zatimco v textovych Iékskych zpra-
véach pouze v 70,37 %ifpadu. Velky rozdil nalezneme
nagiklad u hypertrofie levé komonktera je v léka
skych zpravach aplikace ADAMEK zapsana ve vSech
pfipadech, ale pouze v 11,11 % textovych lkgch
zprav nebomenopauzaktera je v aplikaci ADAMEK
uvedena v 96,87 % zprav a pouze v 7,40 % v texto-
vych lékdskych zpravachinterval PQje v Iékaskych
zpravach zapsanych pomoci softwarové aplikace zazna-
menan v 89,09 % a v textovych lélskych zpravach

v 62,96 %, obdobaé i interval QRSje ve strukturova-
nych zpravach aplikace ADAMEK zaznamenan v 89,53
% a v textovych Iékéskych zpravach v 66,67 %.

torech, klaudikace, néma ischemie, systolicky tlak, typ\; t3pyice 1 je pehledré zobrazeno procentualni vy-

IéCby diabetuJiz z tohoto v§tu je patrné, Ze pomoci
softwarové aplikace je zaznamenavano dalel&Siv
mnozstvi znakd.

Pfi porovnani zapisu jednotlivych znakdl v textové a
strukturované lékizké zprae, dojdeme najklad k
témto vysledklim. Alergie na Iék je v textovych léka

skych zpravach zaznamenana ve 22,22 %, v aplikaci

ADAMEK ve vSech, tedy 100 %, zprav. Odpad, zda
pacient ma nebo nenaeurysma aortybyla v aplikaci
ADAMEK vyplnéna ve vSech zpravach, ale v Zzadné tex-
tové lékdské zprae. Nabolest na hrudse Iékdi, vy-
plhujici 1ékdskou zpravu pomoci aplikace ADAMEK,
zeptali ve vSechifipadech, v textovych |ékekych zpra-

vach pouze 37,04 % obsahuje zminku o bolesti na hrudi.

Celkova psychicka zat&¥la vyplréna u 96,15 % zprav
v aplikaci ADAMEK, v textovych Iékéskych zpravach

to bylo 11,11 %. Stejného procenta zaznamenani v tex-

tovych lékdskych zpravach bylo dosazeno u zndku
zicka zatéz v zamestnaniaplikaci ADAMEK to bylo
v 94,81 %.Celkovy cholesterddyl ve zpravach aplikace
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jadfeni o zaznamenanych hodnotach vybranych znaki

MDMK v 1118 lékdskych zpravach ip uZziti softwa-
rové aplikace ADAMEK a ve 27 textovych léfskych
zpravach.

8. Zaver

Analyzou textovych |ékikych zprav bylo zji&no, ze
zapisovani pomoci volného textu je velice nehomogenni
a nestandardizované. Nép&imi problémy pro dalSi po-
¢itatové zpracovani jsourgklepy, rlizna délka zkraco-
vanych vyraz{l a pouZivani synonym.

Pfi porovnani textovych lékakych zprav s Iékiakymi
zpravami zapisovanymi pomoci aplikace ADAMEK
bylo zjiStno, Ze pomoci softwarové aplikace jsou jed-
notlivé znaky Minimalniho datového modelu kardiolo-
gického pacienta zaznamenavéany u vyznamyssiho
procenta pacientll, nez je tomii piziti volného textu
Iéka’skych zprav.
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znak MDMK aplikace ADAMEK | textové lékaské | textové Iékaské zpravy
zpravy 95% interval spolehlivost
n=1118 n =27 dolnimez| horni mez

alergie na lék 100 22,22 8,62 42,3
aneurysma aorty 100 0 0 12,8
angina pectoris 100 0 0 12,8
bolest na hrudi 100 37,04 19,4 57,6
celkovéa psychicka za¥ 96,15 11,11 2,35 29,2
celkovy cholesterol (v mmol/l) 83,36 70,37 49,8 86,2
diabetes mellitus (ano, ne) 95,89 40,74 22,4 61,2
dusnost 100 55,56 35,3 74,5
fyzicka zakz v zangstnani 94,81 11,11 2,35 29,2
glykémie 77,64 51,85 32 71,3
HDL cholesterol 82,02 66,67 46 83,5
hmotnost 97,94 96,30 81 99,9
hypertenze (ano, ne) 95,26 70,37 49,8 86,2
hypertrofie levé komory 100 11,11 2,35 29,2
ICHDK 94,45 0 0 12,8
infarkt myokardu 100 14,81 4,19 33,7
interval PQ 89,09 62,96 42,4 80,6
interval QRS 89,53 66,67 46 83,5
jiné alergie - na co 100 18,52 6,3 38,1
kaSel po ACE inhibitorech 100 7,41 9,09 24,3
klaudikace 100 3,70 0,91 19
kurak 96,51 66,67 46 83,5
télesné aktivita mimo zaéstnani 93,29 29,63 13,8 50,2
télesna teplota 14,85 0 0 12,8
tepova frekvence (za minutu) 95,44 77,78 57,7 91,4
triacylglyceroly 82,38 44,44 25,5 64,7
vyska 97,67 74,07 53,7 88,9

Literatura

[1] Adaskova J.,

PhD Conference '07

ADAMEK a textovych |ékaskych zprav.

Anger Z., Aschermann M.,
Bencko V., Berka P., Filipovsky J., GaiaL.,
Grus T., Grunfeldovd H., Haas T., Hanu$S P,
Hanzltek P., Holcatova I., Hrach K., Jirousek R.,
KejRova E., Kocmanova D., KoiéJ., Kotasek P.,
Kralikova E., Krup&ova M., Kylouskova M.,
Maly M., Mare§ R., Matoulek M., Mazura I.,
Mrazek V., Novotny L., Novotny Z., Pecen L.,
Peleska J., Prazny M., Pudil P., Rames J., Rauch J.,
Reissigova J., Rosolova H., RouskovaRiha A.,
Sedlak P., Slamova A., Somol P., $ima S,
Svatek V., Sabik D., Simek S., Skvor J., Spidlen J.,
Stochl J., Tomékova M., Umnerova V., ZvaraK.,
Zvérova J., " Navrh miniméalniho datového
modelu pro kardiologii a softwarova aplikace
ADAMEK. Interni vyzkumna zprava EuroMISE
Centra - Kardio”, Prahd&ijen 2002.

[2] Tometkova M., "Minimalni datovy model kardio-

logického pacienta - vydy dat”, Cor et Vasa, 2002,
Vol. 44, No. 4 Suppl., s. 123.

79

(4]

(5]

(6]

(7]

Tabulka 1: Procentudlni vyjéigéni zaznamenanych hodnot vybranych znakli MDMK v iigkgch zpravach ip uziti aplikace

[3] Pfeckova P., "Mezinarodni nomenklatury a meta-

tezaury ve zdravotnictvi”, Doktorandsky den 2005.
Praha, MATFYZPRESS 2005, s. 109-116.

Preckova P., Spidlen J., Zvarova J., "Usage of In-
ternational Nomenclatures and Metathesauruses in
Shared Healthcare in the Czech Republic”, Acta
Informatica Medica. Vol 13, No 4, 2005, pp. 201—
205.

Pfetkova P., Zvarova J., Spidlen J., "International
Nomeclatures in Shared Healthcare in the Czech
Republic”, Proceedings of 6th Nordic Conference
on eHealth and Telemedicine. Helsinky, Finland.
pp. 45-46.

MareS R., Tomékova M., PeleSka J., Hanzék P.,
ZvarovaJ., "Uzivatelska rozhrani pacientskych da-
tabazovych systému - ukazka aplikacéamé pro
skér dat v ramci Minimalniho datového modelu
kardiologického pacienta”, Cor et Vasa, 2002, Vol.
44, No. 4 Suppl., s. 76.

Mare$ R., "ADAMEK - uzivatelska girucka”, Eu-
roMISE centrum - Kardio, 2002.

ICS Prague



Martin Rimn& Redukce datovych modelll

Redukce datovych modell

doktorand: . . Skolitel:

ING. MARTIN RIMNAC ING. JULIUS STULLER, C&C.

Ustav informatiky AVCR, v. V. i. Ustav informatiky AVCR, V. V. i.

Pod Vodarenskouézi 2 Pod Vodarenskouézi 2

182 07 Praha 8 182 07 Praha 8

rimnacm@ecs.cas.cz stuller@cs.cas.cz
obor studia:

Databazové systémy

Prace byla podpofena projektem ¢. 1ET100300419 programu Informac¢ni spole€nost (Tématického programu I
Narodniho programu vyzkumu v CR: Inteligentni modely, algoritmy, metody a nastroje pro vytvafeni sémantického
webu), zamérem AV0Z10300504 “Computer Science for the Information Society: Models, Algorithms, Applications” a
projektem 1M0554 Ministersva &kolstvi, mladeze a télovychovy CR "Pokrotilé sanaéni technologie a procesy”.

Abstrakt

Prispevek se zabyva aspekty optimalizace g#iavych narokll binarniho GloZtatributo® anotovanych dat
na zaklaé transitivni redukce systému fuitkich zavislosti. Tento systém bud miZe bjegem dany modelem,
v tomto Fipace se ukazuje, Ze je mozné optimalizaci pouzit jednor@zavnebo tento model je inkremetalnim
zplisobem odhadovan a pak je vhodné jiz jednou naoptinvali#o GloZi pouze upravovat @b inkrementalnim
zplisobem. V posledni sekci séigpévek zaobird rozborem nejednoiznasti vysledku Getrg detailniho rozboru
vlastnosti zakladnich konfiguratasti modelu zplisobuijici tuto nejednozmast. V neposledriadg je analyzovana
slozitost di€ich operaci v Ulozisti.

1. Uvod a motivace maty sémantického webu [3].

Predpokladejme, Ze uvazujeme atributo@anotovana
data se znadmou strukturou popsanou schématam,
v pfipac, Zze schéma neni dostupné, odhadnutou z
dat [4, 5, 6]. Tato struktura necht’ pokryva miniméln
mnozinu atributll etrg jejich aktivnich domén a mno-
Zinu platnych funknich zavislosti; samotna data jsou
pak ulozena v Ulozisti jako instance fuirkch zavis-
losti. V mnohych pipadech je mozné na zakkdran-
zitivnich pravidel redukovat mnozinu vSech platnych
funkEnich zavislosti a tim i ptet jejich instanci. Tato
redukce podstatnym zplisobem oviije efektivitu ulo-
Zeni znalosti a tedy i kapacitu pathnutnou pro ucho-
vani gfedmétnych dat.

Studium principli pai@ti je v ramci psychologie stu-
dovano od sedoweku, 19. stoleti pnasi prvni experi-
menty s paréti (Ebbinghaus), které byly nasledovany
experimenty s pa#gti v SirSim pojeti (Pavlov, Thorn-
dike, Lashley), pevazré z hlediska schopnosticani

se - jiz v této doB byla studovana vazba mezi pétin
jako prostedkem pro uchovani znalosti a proceggni
jako zplisoby pro vkladani novych znalosti. Fdnje
obvykle ctlena podle nejrli&jsich kritérii, napiklad
podle trvani uchovani znalosti (kratkodob4, dlouhodoba
panet), ¢i podle jeji funkce (asociativni, sémanticka,
fonologickd smgka); ukazuje se vsak, Ze pathfun-
guje spiSe jako jeden celek neZzli propojeni vice blokd,

kazdy od@lere reprezentujici @ity typ paréti [1]. Meznimi ffipady jsou reprezentace:

Mnohé z &chto hypotéz a experimentalnich vysledku L L

Ize zUrgit v oblasti unglé inteligence. Jednou z tako- * sminimalni dobou vybavenpokryvajici vsechny
vych podoblasti je studium schopnosti gatimsamo- platné funicni zavislosti, pip. jejich instance

¢inné strukturovat uloZzené znalosti. Zcela gigpangt
musi vazit mezi svou kapacitou Gasem, za ktery je
mozné hledanou znalost vybavit.

e s minimalnimi naroky na pameétpokryvajici mi-
nimalni pc&et instanci fun&nich zavislosti, avSak
bez moznosti dosaZeni finalniho vysledku v jed-

Stejnym snérem se vydava i tentofispévek, aviak nom kroku

misto panéti lidské pouziva pro paét formalismu bi-
narnich matic [2], které majiffmou navaznost na for-  Tato problematika je zndma z teorie grafti jako tranzi-
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tivni redukce, pip. uzaér grafu [7, 8]. Poznamenejme,
vysledek tranzitivni redukce je nejednozn.

Prispgvek proto zavadifiidavné kritérium, jenz zajis-
tuje optimalizaci Ulozi& s ohledem na minimalni na-
roky na kapacitu pasti pfi zachovani veskerych zna-
losti. Takovou redukci je mozné provést jak na Urovni
instanci, tak na Urovni zobeénych popist, v fpace
tohoto gispévku redukci mnoziny platnych fuhich
zavislosti.

V pripack, Ze pouzijeme inkrementalni algoritmus pro
odhad struktury dat [2], je nutnéigakékoli zmeéne pro-
vést reoptimalizaci. Z tohoto dlivodiiippévek navrhuje
detekovat pouze neoptimaltésti a provést napravu in-
krementalnim zplisobem.

PosledniCast gispevku ukazuje, Ze pozadavek na mi-
nimalni pangétové naroky sdm o s@nevede na jed-
nozn&néfeSeni optimalizéni Ulohy. Viceznénost vy-
sledku miize byt omezena pouzitim libovolnéiege-
psanych konfiguraci. O8I vlastnosti &chto konfiguraci
jsou analyzovany a nasleé@porovnany.

1.1. Binarni GloziSte dat

Ulozisté daje systém pro uchovani a nasledné vyhleda-
vani dat. Ulozi& # vedle samotnych da¥ obsahuje

i jejich model.#. UloZis&, jehoz viechna datd spl-
nuji poZzadavky kladené modelen, se nazyvé&onzis-
tentni

Binarni Glozistéatributove anotovanych dat je Uloz&t
jehoz data jsou ulozena pomoci mnoziny implikaci mezi
elementye € & - dvojicemi atribut hodnota. Model#

pro pofeby tohoto pispévku zahrnuje:

e mnozinu atributlier,
e mnozinu hodnoZ

e mnozinu aktivnich domén jednotlivych atributli
VA € o : 97 (A) C 2}

e mnozinu platnych (unarnich) fughich zavislosti
F C o x o, najejichz zaklad je mozné jedno-
zn&né dovodit hodnotu atributu na pravé stéan
hodnoty atributu na levé strén

Pfepokladejme, Ze pro kazdy elemente &, atribut
A € o ahodnotw € 2 existuje index ke kazdému
prvku jednoznané prifazujici girozenécislo. Pak je
mozné nadefinovat Gloz&pomoci binarnich matic na-

misto mnozin:
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e matici instanci® = [¢;;]

~_J 1 pokude; —e; €S
(bw - { 0 jinak (1)
o matici funi€nich zavislost{2 = [w;;]
| 1 pokudAd; — A; € F
Wi _{ 0 jinak 2
e matici aktivnich domén atributh = [4;,]
- _ | 1 pokudv; € Z,(A;)
%ij = { 0 jinak 3
Ulozisté je pak mozné definovat jako:
X =0, M) kded = [Q,A, o, D (4)

Ulozisté je konzistentni, pokud implikacg pokryvaji
pouze instance furikich zavislost{?, tedy

Vo =1:¢); =1, kde[¢};] = AQAT  (5)

Objekty necht jsou popsany pomoci mnoziny element{
t C &.V dalSim textu se omezme na popis objektl stej-
ného druhu, tj. kazdy objekt je popsan pomoci vSech
atributil A € & a prazdné hodnoty nejsodipustné.
Navic (jako siljSi podminku) pozadujme, aby kazdy
atribut byl v zaznamu pokryt prae jednim elementem
(tj. v ramci zaznamu nelzeatit neatomickeé atributy)

vt |t] =[] (6)
Vit : Ve; € tﬂej S t7€j 75 e; . d(el) = %(ej)
Toto omezeni mimo jinéfmasi:
Vwij =1: @a(Ai) Z @a (Aj) (7)

1.2. Tranzitivni redukce

Vztah mezi déma obecnymi prvky je tranzitivni, po-
kud platnost vztahu mezi prvky, j] a [4, k] implikuje
platnost vztahu mezi prvkj, k|. Paklize na matici in-
stanci budeme pohlizet jako na incidehmatici grafu,
Ize tuto Ulohu pevést do teorie grafll - na hledani tran-
zitivniho uzaeru @islusného grafu. Timto zplisobem je
mozné docilit minimalizace @u prvki [9], které musi
byt uloZeny, aniz by doslo ke zt&tdat. Uloha hledani
takové podmoziny se nazyva tranzitivni redukce, tloha
inverzni (rekonstruujici z redukce Uplnou mnozinu) se
nazyva hledani tranzitivniho uzému. Poznamenejme,
Ze vysledek transitivni redukce neni jednoama

Jak mnozina fungnich zavislosté, tak diky (5) i mno-
Zina instanci konzistentniho Glo&Ssphuji podminku
transitivity. Jednoduse Ize nahlédnout, Ze posje re-
dukovat pouze funéni zavislosti a nasle@nponechat

ICS Prague



Martin Rimn&

Redukce datovych modelll

pouze instancegth funiCnich zavislosti, které odpovi-
daji tranzitivniho uzégru.

Pro binarni matice je mozné tranzitivni uwyjadit
jako mocréni redukované matice:

X = (X°)"

K= argmkin{k S(X0)E = (XP)EF)

(8)

Parametr predstavuje péet krokl nutnych ke ziskani
plné formy matice (odpovidajici tranzitivnimu uZiu
zarltujici dosazitelnost vysledku v jednom kroce).

Hledani tranzitivniho uz&ru postupnym nasobenim
matic je zn&né neefektivni, slozitost operace je
O(]X|"*2). Lepsim zplisobem je hledani u&awv po-
moci:

Algoritmus 1 Tranzitivni uzaver

forvk =1...]X|
forvj=1...|X]|
forVi=1...]X]
if z;; = 1Az, = 1then

Tig = 15

Tento algoritmus ma slozitost jiz nezavislou na parame-
tru k: (| X %), pfipadre presr&ji 0((X_y, ; ij)?)-

2. Optimalizace Ulozisg

Méjme Ulozisé # naplréné datyd odpovidajici instan-
cim funk€nich zavislostf) a pfedpokladejme, Ze model
obsahuje vSechny (tj. tranzitivni uz&y platné funkni
zavislosti. Pokusme se nyni optimalizovat UloZigk,
aby pro uloZeni vSech dat bylo fjeba minimalniho po-
Ctu instanci, tedy minimalizujeme

111 =2l = _ i

Vi,

(9)

2.1. Pcetinstanci

Diskutujme nyni poet instanci fun&nich zavislosti.
Méjme funicni zavislostf = (4, — A;) € Z repre-
zentovanou v binarni matici jako;; = 1. Blok 1 v ma-
tici AQ,; AT, ktery odpovid&prostoru této funkni za-

vislosti, fredstavuje jeji vSechny moZzné instance. Tako-
vych instancich je celkem

1AQ; AT = [|2(A)l - |2(A7)]] - (20)

1QLJ = [wi/]‘/} Pwirgr = 1 pOkUdi = ’i’,j = j’,jinakwi/j/ =0
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Diky informaci o existenci fungni zavislostif je mozné
na zakla@ hodnoty atributu na levé stragednoznané
urcit hodnotu atributu na stré&mpravé; tedy z tohoto po-
¢tu moznych instanci jeffpustnych pouzg 2 (4;)||. Ji-
nymi slovy, znalost o existenci fugki zavislostif re-
dukuje p@&et gipusnych instanci ze vSech moznych cel-
kem o
12(A0ll _ 1
|AQ; AT [[2(A5)]]

%o (11)

Zobecnime-li tuto Gvahu na celou mnozinu fiénkch
zavislosti, pak

12]= > 12(4)]

Vwij:l

(12)

2.2. Vliv znalosti funk&nich zavislosti

Znalost mnoziny fun&ni zavislostiZ neni pro Glozig

Z principielré nutna; odpovidajici minimalni funkcio-
nalitu by UloziSé pokryvalo i za pedpokladu, ze kazdy
objekt by byl ulozen jako mnozina implikaci majici kli-
covy element, jednoziiaé definujici konkrétni objekt,
na levé stra@ a elementy popisujici vlastnosti objektu
na stra@ pravé.

J@\/:{\V/AG%ZAPKHA} (13)

Bude-li takové GloZi& obsahovat popisn objektd,
kazdy popsan stejnymi atributy’, pak p&et uloZzenych
instanci bude:

12 = > =lll-m= || Za(4p)l| (14)

Vwijzl

Porer mezi p@tem instanci takového Uloz&sa ulozis-
tém zohledujicimi funkéni zavislosti bude oziian

|||

1% 13)

Tento pon&r bude piznivy (tj. v < 1), paklize mno-
zina funi€nich zavislosti nebude obsahovat Zadné
dundantni zavislosti.

llustrujme vypd@et pon@ru na unélém gikladu. M&jme
mnozinu atributldcx € 7. Necht jsou tyto atributy
rozceleny dog disjunktnich skupinz pok atributech a
necht aktivni doména vSech attributll v jedné skegas
stejna a jeji velikost je odvozena od velikostedchozi
skupiny, ktera jeu krat vétsi. Velikost aktivnich domén
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atributll v prvni skupi@ jed. MnoZzina funknich zavis-
losti # je

{VA; € 1+ Apk — Ai} U U {A — Aggy}

Vi<g—1
(16)
Srovname-li péet instanci s (13), dostavame
2(A 9_ kdL
v = ||(I)/|| _ || ( PK)||+Z’U:1 U (17)
1271 12(Apk) || - kg

Za predpokladu, Ze budeme uvazoVet (Apy)|| = d*,
dostavame

Je patrné, Ze tento pambude velmi phodny a tudiz
Ize zahrnuti znalosti furBnich zavislosti vice nezli do-
porit. Poznamejme, ZB.%#|| = ||-#’|| a.%#’ je mozné
za pouZziti tranzitivnich pravidel odvoditZ.

1/1 1
S (I 18
) 9<k+dk*125:1“” 49

2.3. Algoritmus

Hledejme nyni algoritmus, ktery najde minimalni sys-
tém funkcnich zavislosti a zohléalje i paet instanci
tohoto systému. Ejme matici{2 popisujici vstupni ne-
optimalizovany systém furikich zavislosti, vystupem
algoritmu pak je optimalizovana mati€®.

Zakladni algoritmus pracuje na principu, Ze se z pra-
covni matice postugnvyjimaji hrany; paklize tranzi-
tivni uzawer (Algoritmus 1) noe vzniklé matice bez
hrany je shodny s tranzitivnim uzérem pltvodni ma-
tice, je vyjmuti této hranyipustné, v opéném fgipace
tato hrana musi byt navracena.

Test se provede postugmpro vSechny hrany. Navic jej
Ize zjednodusit pouze na potvrzeni moznosti odvodit vy-
jmutou hranu na zakladokolnich hran.

Algoritmus 2 Tranzitivni redukce

for V’L,] Wi = 1
wij = 0; Q' = closure(Q);

if wi; = 0 then
wij =15
Q=

Slozitost tohoto algoritmu pro nalezeni tranzitivni re-
dukce je 0(||9]®). Existuji vSak vylepSeni pro sin
souvislé grafy [7], které pouzivaji pro hledani re-
dukce prochazeni grafu z nahadrvybraného vr-
cholu do hloubky. Tyto algoritmy vykazuji slozitost
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o(||<7|| + 119]), avSak jich nelze pouZzit, nebot sys-
tém funi€nich zavislosti nemusi odpovidat &ilsouvis-
[ému grafu - tedy pro pouziti této myslenky je nutné
prochéazet vSechny vrcholy - atributy. Slozitost pak na-
roste ng|.<7|| - O(||<7|| + |1€2|]), coz principielré vede
nad (|l |J).

Hrany mohou byt vyjimany v ndhodnémfadi. Paklize
budeme priorité vyjimat funiéni zavislostif = A; —

A; s nej\etsim pd@tem instancj| 2(A;)||, soléasti tran-
zitivni redukce zlistanou fuki zavislosti s minimal-
nim pcatem instanci. Zaiedpokladu, Ze vstupni matice
je maximalnim tranzitivnim uz&rem, vraceny systém
funkEnich zavislosti bude pokryvat nejmensi mozny po-
Cet instanci.

Slozitost séazeni funknich zavislostiv;; = 1 do po-
sloupnosti dvojic index{ifi1, j1] - - - [¢,q), Jjj) ] Podle
kritéria

1Za(Ai)l) > [[ZalAi)I]) ~ w =
je 0(]19 | Tog([[2]]))-

(19)

Algoritmus 3 Tranzitivni redukce minimalizujici pocet
instanci

O = closure();
o= sort(Q*);
Q° = reduce(?*) respecting;

Za cenu vyp6tu tranzitivniho uza®ru vstupni matice
Q (muZe byt poZadovano jako vstupriegpoklad algo-
ritmu) &(||1Q2]|?) a cenu za dazenid (||| log(||2(]))
neni ziskana libovoln&fpusna redukce systému fuitk
nich zavislosti, ale takova, ktera petbuje k reprezentaci
celé znalostni baze minimalni pattovy prostor.

2.4. Intensiondlni versus extensionalni modely

Diky platnosti (7) je nutné optimalizovat UloZsStZ
pouze jednou na z&kladfunicnich zavislosti# po-
psanych intensionalnim modeleh; jakékoli pfidavani
dat odpovidajicich modeld/ nemliZze vést ke takové
zZmeére, kterd by zpusobila neoptimalitu GloASginymi
slovy znalost vSech platnych fuékich zavislosti je sil-
néjSim gedpokladem nezli znalost velikosti (aktivnich)
domén atributt.

Mnohé zdroje, zvlagt pak v prodedi webu, posky-
tuji pouze data bez jakéhokoli popisu (modelu). Zvlast-
nim pfipadem jsou data bez uvedeného intensionalniho
modelu, avSak @tSinou pomoci atributové anotace)
schopné extensionalni model expliétpopsat. V tomto
pfipace hovdime o meto@ odhadu modelu - struktury
dat.
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Tyto metody (oznéované jako Functional Dependency 3. Nejednozn&nost transitivni redukce

Discovery) se snazi nejlepSim moznym zptisobem od-

hadnout systém furikich zavislosti. Podle postupného Nalezeni tranzitivni redukce je obeenloha s vicezria
hledani protipiklad®l roze@luji mnoZinu vdech moznych nymfeSenim. Z tohoto diivodu je vhodné pou#iaké
unarnich funknich zavislosti# = & x & na: dopliujici kritérium.

Za predpokladu, Ze pouzijeme kritérium minimalizujici

e porusené funkeni zavislos#.. Za @edpokladu  poget instanci, vysledek bude jednozn§ aZ na atri-

bezchybnosti vstupnich dat porusena femikza-  buty spojené s furidnimi zavislostmi, které tvd cyklus

vislost v jakékoli extensi nemiize byt s@sti in-  [ibovolné délky. Takové skupiny atributll budeme nazy-

tensionalniho modelu. Jinymi slovy, po nalezeni vat komponentami:

protipfikladu Ize s jistotou tvrdit, Ze dana fuéki

zavislost neplati. Matici porusenych fuirkich Ai€C(A;) CAifIA; €C 1wy =wji =1 (20)

zavislosti budeme ozgavatQ.

Pokud kazdou z komponefat(A;) nahradime jednim
reprezentativnim atributem;, pak vysledek tranzitivni
redukce s minimalnim pgidem instanci je jednoziay.
Jinymi slovy nejednozrimost celého vysledku je zpl-
sobena nejednoziaosti tranzitivni redukce komponent
vCetre nejednoznznosti vyleru reprezentativniho atri-
butu, jenz komponentu propojuje s ostatnimi.

e neporusené funkeni zavisloski. U téchto funk-
nich zavislosti dosud nebyl nalezen préiitad,
ktery by je porusil. O &chto funknich zavislos-
tech se mlizeme domnivat, Ze jsou platné (a tedy
soltasti intensionalniho modelu).

Diky neznalosti mnoziny furitnich zavislosti jsou veli-
kosti aktivnich domén jedinou pouZitelnou znamou cha- Obecre existuje mnoho konfiguraci, jak popsat vztahy
rakteristikou. Ta se miize v préhu vkladani dat do alo-  Uvnitt komponenty. Ti zakladni, linearni, hezdicivou
7i5 ménit - jeji zmény&asto vedou na zaklaq7) k zis- @ cyklus popiSme detaiéji, vSechny ostatni jsouéje-
kani protifiikladu s naslednou detekci porugeni fank ~ kou kombinaciéchto zakladnich konfiguraci.

zavislosti a tim ke z@ré modelu. Novy model je po-

tfeba znovu optimalizovat, Pred vyCtem vlastnosti déiich konfiguraci pozname-

nejme, Ze jako dusledek (7) a (20) plati:

2.5. Inkrementalni verze algoritmu VEVA, Aj €6 1 || DalA))|| = | Za(A4))]] = € (21)
Pouziti algoritmu 3 je vhodné pro jednorazovou optima-
lizaci. Fredpokladejme, Ze model se nebudénit radi-
kalné, vzdy zlistane&jakacast beze zgény. Diskutujme
nyni navrzeni Uprav optimalizovaného ulogi$ak, aby
bylo optimalni i po vioZzeni nového objektu.

Déle, vlastnosti konfigurac€f = [wﬁj] se odviji
od vstupnich a vystupnich st vrcholl odpovidajici
atributlim @i zachovani vzajemné odvoditelnosti mezi
vSemi atributy v kompone#gtreprezentované tranzitiv-

nim uzaeremQ,. Proto tento Gel zaved'me kritérium
Neoptimalita s&asto odviji od porudeni fuitki zavis- ~ N@ Paet vrcholu (atributl) majici iedepsany sdet

losti w;; = 1 z redukovaného systému. Tato porudena StUmMU :

funkEni zavislost bude nasleélivyjmuta ze systému, tj. b b

wj; = 0, avdak je nutné zachovat fuitki zavislosti, w(B) = v €€ - Z“’ik tww =064 (@2)

které byly pomoci této zavislosti odvoditelné na zaklad vk
tranzitivnich pravidel:

3.1. Linearni konfigurace

. R A
Vk :wjr =1~ wy =1 Linearni konfigurace fedstavuje takovou redukeéiZ,

Viiwy =1~ wp; =1 ktera je symetricka a maximalizuje @@t vrcholliz(4)
majici sodet stupll soutet stumll roverd:
Tento proces probiha do okamziku, kdy uz zadna z
funkénich zavislosti v redukovaném systému neni po-  arg m(%({ﬂcﬁp = QLT A QLTI =) (23)
rusena. .

. . . , _ Vysledkem takové minimalizace je matice, jejiz prvky
Je mozné ukazat, Ze novy redukovany sysféne op-

jsou:
timalni mozny, pokud fed zapd@atim detekce poruse- :
nych funkénich zavislosti byl optimalni \dijiz aktuali- I 1 i=j+1Vvji=i+1
zovanym velikostem aktivnich domén atributl. Yii =9 0 jinak (24)
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Takova matice pak vykazuje: Maximalni paet iterakci K €] —1
Maximalni pc&et iterakci K €] —1 Pccet funk€nich zavislosti| [|QZ]| [|€]]
Pcet funi€nich zavislostil [[QZ]] | 2(]|€]] — 1) PcCet instanci [|®]| €||Z]|
PcCet instanci ||| 2¢(]|€]| - 1) Kompresni porér < % ~ 1
Kompresni porér vl % =2 Délka minimalniho cyklu | o© [|]]
Délka minimalniho cyklu | o© 2 Délka maximalniho cyklu| o® [1€]]
Délka maximalniho cyklu| % 2(]|€]] - 1) Maximalni p&et viozeni | 6% (|€]] - 2)
Maximalni paet vioZeni 0% 0 Maximalni p&et vyjmuti 6° 1€ —1)
Maximalni p&et vyjmuti | 6° K

Tabulka 1: Vlastnosti linearni konfigurace

3.2. Hwezdicova konfigurace

Hvézdicova konfigurace fpdstavuje takovou redukci
QZ, ktera je symetricka a maximalizuje et vrchold
u(2) se sodtem stupdl 2:

arg%{né = (@) A @I =51 (25)

Vysledkem takové minimalizace je matice, jejiz prvky

jsou:
1 1=1vj=1
wjj = { 0 jinak ’ (26)
Takova matice pak vykazuje:
Maximalni pcet iterakci K 2
PcCet funi€nich zavislosti [|QL 2(||%]| — 1)
PaCet instanci [|®]] 2¢(||€]| - 1)
Kompresni porér vl % =2
Délka minimalniho cyklu| o® 2
Délka maximalniho cyklu| &% 4
Maximalni p&et viozeni | 6% (1€ - 2)
Maximalni p&et vyjmuti | 6° (€] — 1)

Tabulka 2: Vlastnosti h¥zdicové konfigurace

3.3. Konfigurace cyklus

Konfigurace cyklus fedstavuje takovou redukd&<,
kterd narozdil od fedchozich neni symetricka a maxi-
malisuje p&et vrcholl(2) majici sodet stumti 2:

argma§<{(9%)”%” = Q%) (27)

n(2

Vysledkem takové minimalizace je matice, jejiz prvky
jsou:

1 i=j+1
wi=4 1 i=|%|Aj=1 (28)
0 jinak

Takova matice pak vykazuje:
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Tabulka 3: Vlastnosti konfigurace cyklus

3.4. Porovnani konfiguraci

Na zaklaé porovnani parametrdi uvedenychiegcho-
zich tabulkach je mozné zobecnit poznatky o #dton-
figurace.

Mezi vyhody linearni konfigurace patfakt, ze pc&et
funkEnich zavislosti redukovaného systému je stejn
jako u pctu vSech odvoditelnych furtkich zavislosti

v priibéhu procesu odhadovani nerostouci. Jinymi slovy
tato konfigurace nevyzaduje talasté odvozovani in-
stanci noe vloZzenych funknich zavislosti - pouze po-
ruSené nahrazuje platnymi. Druhou vyhodou je, Ze délka
minimalniho cyklu je2. Toho Ize s vyhodou vyuZzitip
detekci cyklu. Cykly mohou zplisobovat nezadouci po-
stupné deaktivace elementi gotazovani, jenz vyuziva
zobecni binarnich matic na matice s hodnotami prvk{
z celého intervalu 0,1 >.

Naopak bezespornou vyhodoudadicové konfigurace

je minimalni p&et krokt nutnych k dosazeni finalniho
vysledku. Tento péet se tyka jak faze vyhledavani, tak
iterakci pro detekci porusenych futrkich zavislosti ve
fazi odhadu struktury dat. Tato vyhoda je vSak zaplacena
mnozstvim moznych Uprav (vlozenifimletekci poru-
Sené funkni zavislosti.

Konfigurace cyklus vykazuje vyhodné vlastnositeq-
chozich dvou, navic se kompresni pamblizi 1 (oproti

2 u predchozich konfiguraci zplisobeny pozadavkem na
symetrii), avSak konfiguraci tvo jeden cyklus délky

k = ||€|. Tedy tato konfigurace je velmi vhodné pro
ukladani dat do uloZigt avSak dotazovani giebuje nej-
vetsi paet iteraci a detekce cykll pracély zmiréné
vySe je vypdetré nar@na.

4, Zaver

Clanek se zabyva moznostmi redukciépo instanci
funkEnich zavislosti a to jak vifpack, zZe tyto funkni
zavislosti jsou popsany v intensionalnim modelu, tak v
pribéhu procesu odhadovani modelu z dat na extensio-
nalni arovni. Ukazuje se, Ze optimalizaci pdsta prv-

nim pfipacd® provést jednoraz@y avSak v fipace po-
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stupného odhadovani vlastnosti dat je nutné optimali-[4] H. Mannila and K. Raithad, “Design by example:

zaci provést po vlozeni kazdého nového zaznamu.

Z tohoto divodu je navrzeno detekovat pouze neopti-

malnicasti a ty nasledihoptimalizovat. Tyto neoptima-
lizovanécasti jsou vZdy svazany s porusSenigktere z

[5]

funkEnich zavislosti (takové jsou jako neplatné z modelu

postupm vyjimany). Fispévek z tohoto dlivodu zavadi
pojem komponent - poruSeni fubki zavislosti v kom-
ponené vede na jeji rozéleni.

Druhotré pfispévek ukazuje, jak i@srejSi znalost
o struktufe dat vede ke snizeni pi viceznanychfte-
Seni optimalizéni Ulohy. Vedle toho na ué&ém pi-
kladu ukazuje vyhody znalosti platnych fuitkdch za-
vislosti pro efektivni uloZeni dat do Glozst
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Abstract

The design of intelligent embodied agents represents otieedfey research topics of today’s artificial intelli-
gence. The goal of this work is to study emergence of intetitdpehavior within a simple intelligent agent. Cognitive
agent functions are realized by mechanisms based on nexivedrks and evolutionary algorithms. The evolutionary
algorithm is responsible for the adaptation of a neural nétyparameters based on the performance of the embodied
agent in a simulated environment. The evolutionary leayisrrealized for several architectures of neural networks,
namely the feed-forward multilayer perceptron networle thcurrent Elmans neural network, and the radial basis
function network. In experiments, we demonstrate the perémce of evolutionary algorithm in the problem of agent
learning where it is not possible to use traditional supEdilearning techniques.

1. Introduction the first experiment we expect an emergence of behavior
that guarantees full maze exploration. The second expe-
riment shows the ability to train the robot to discriminate

between walls and cylinders. In the last section we draw
some conclusions and present directions for our future

One of the main goals of Artificial Intelligence is to gain
insight into natural intelligence through a synthetic ap-
proach, by generating and analyzing artificial intelligent

. . ork.
behavior. In order to glean an understanding of a phe-
nomenon as complex as natural intelligence, we need to
study complex behavior in complex environments. 2. Neural Networks

In contrast to traditional systems, reactive and behavior 2 1. Multilayer Perceptron Networks
based systems have placed agents with low levels of co- . . :
gnitive complexity into complex, noisy and uncertain A multilayer feedforvyard neural ne.twork IS an Intercon-
environments. One of the many characteristics of intelli- nected network of simple computing units called neu-

gence is that it arises as a result of an agent’s interaction'°"S which are or_deret_:i in layers, starting from the in-
with complex environments. Thus, one approach to de- put layer and ending with the output layer [5]. Between

velop autonomous intelligent agents, caksmlutionary these tW(_) Iaygrs tr_lere_ can be a number of hidden layers.
robotics is through a self-organization process based on Connections in this kind of networks only go forward
artificial evolution. Its main advantage is that it is an from one Igyer to the nex.t. The outpy(iz) of a neuron
ideal framework for synthesizing agents whose behavior is defined in equation (1):

emerge from a large number of interactions among their
constituent parts [9].

n

y() =g (Z wx) : 1)
In the following sections we introduce multilayer per- i=1
ceptron networks (MLP), Elmans networks (ELM) and
radial basis function networks (RBF). Then we take where z is the neuron withn input dendrites &g ...
a look at Khepera robots and related simulation soft- z,,), one output axony(z), wq ... w, are weights and
ware. In the following section we present two experi- g : ® — R is the activation function. We have used
ments with Khepera robots. In both of them, the artifi- one of the most common activation functions, the logis-
cial evolution is guiding the self-organization process. | tic sigmoid function (2):
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o(€) =1/(1+e*), (2)

wheret determines its steepness.

In our approach, the evolutionary algorithm is responsi-

ble for weights modification, the architecture of the ne-

twork is determined in advance and does not undergo
the evolutionary process.

2.2. Recurrent Neural Networks

In recurrent neural networks, besides the feedforward
connections, there are additional recurrent connections
that go in the opposite direction. These networks are of- Figure 2: Scheme of layers in the RBF network architecture.
ten used for time series processing because the recurrent

connection can work as a memory for previous time 2.3. Radial Basis Function Networks

steps. In the Elman [3] architecture, the recurrent con-

) . : An RBF | network t lativel -
nections explicitly hold a copy (memory) of the hidden : neural NEIWOrK TEpTeser's a reiafively new neu

units activations at the previous time step. Since hid ral network architecture. In contrast with the multilayer
P P perceptrons the RBF network contains local units, which

den units encode their own previous states, t_hls_networkwas motivated by the presence of many local response
can detect and reproduce long sequences in time. The

h how the El work ks is like this (al units in human brain. Other motivation came from nu-
i](f Fei;nel).ow e Elman network works is like this (also merical mathematics, radial basis functions were firstin-

troduced as a solution of real multivariate interpolation
problems [12].

e Compute hidden unit activations using net input It is a feed-forward neural network with one hidden la-

from input units and from the copy layer. yer of RBF units and a linear output layer (see Fig. 2).
By an RBF unit we mean a neuron withreal inputsz
and one real outpyt, realizing a radial basis functian,
such as Gaussian.

. r—c
o) = (1551, @
The network realizes the function:

h 7 =.
ﬂ@—Z%w@i;d» @)
j=1 J

e Compute output unit activations as usual based on
the hidden layer.

e Copy new hidden unit activations to the copy la-
yer.

output y(t)
wheref, is the output of the s-th output unit.
There is a variety of algorithms for RBF network lear-
hidden h(t) ning, in our previous work we studied their behavior and
I possibilities of their combinations [8].
hidden h(t-1) The learning algorithm that we use for RBF networks

was motivated by the commonly used Three-step lear-
ning. Parameters of RBF network are divided into three
input x(t) groups: centers, widths of the hidden units, and output
weights. Each group is then trained separately. The cen-
ters of hidden units are found by clustering (k-means al-
gorithm) and the widths are fixed so as the areas of im-
portance belonging to individual units cover the whole

Figure 1: Scheme of layers in the EIman network archi-
tecture.
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input space. Finally, the output weights are found by EA. dified by means of operatorsutationandcrossoverto
The advantage of such approach is the lower number ofform a new population. The new population is then used
parameters to be optimized by EA , i.e. smaller length in the next iteration of the algorithm.

of individual.

3. Evolutionary Learning Algorithms for Robotics 3.3. Evolutionary Network Learning

3.1. The Khepera Robot Various architectures of neural networks used as robot
] . ) ) i controllers are encoded in order to use them the evolu-
Khepera [7] is a miniature mobile robot with a diame-  tjonary algorithm. The encoded vector is represented as

ter of 70 mm and a weight of 80 g. The robot is sup- 4 figating-point encoded vector of real parameters deter-
ported by two lateral wheels that can rotate in both di- mining the network weights.

rections and two rigid pivots in the front and in the back.

The sensory system employs eight “active infrared light” Typical evolutionary operators for this case have been
sensors distributed around the body, six on one side andysed, namely the uniform crossover and the mutation
two on other side. In “active mode” these sensors emit a which performs a slight additive change in the parameter
ray of infrared light and measure the amount of reflected value. The rate of these operators is quite big, ensuring
light. The closer they are to a surface, the higher is the the exploration capabilities of the evolutionary learning
amount of infrared light measured. The Khepera sensorsA standard roulette-wheel selection is used together with
can detect a white paper at a maximum distance of ap-a small elitist rate parameter. Detailed discussions about
proximately 5 cm. the fitness function are presented in the next section.

In a typical setup, the controller mechanism of the robot

is connected to the eight infrared sensors as input and

its two outputs represent information about the left and

right wheel power. For a neural network we typically

considerarchitecturgs with eight input neurons, twq out- , Experiments

put neurons and a single layer of neurons, mostly five or

ten hidden neurons is considered in this paper. It is di-

fficult to train such a network by traditional supervised

learning algorithms since they require instant feedback 4.1. Setup

in each step, which is not the case for evolution of beha-

vior. Here we typically can evaluate each run of a robot Although evolution on real robots is feasible, serial eva-
as a good or bad one, but it is impossible to assess eacfuation of individuals on a single physical robot might
one move as good or bad. Thus, the evolutionary algo- fequire quite a long time. One of the widely used simu-

rithm represent one of the few possibilities how to train lation software (for Khepera robots) is the Yaks simu-
the network. lator [2], which is freely available. Simulation consists

of predefined number of discrete steps, each single step

3.2. Evolutionary Algorithm corresponds to 100 ms.

The evolutionary algorithms (EA) [6, 4] represent a sto- To evaluate the individual, simulation is launched seve-
chastic search technique used to find approximate so-ral times. Individual runs are called “trials”. In each tria
lutions to optimization and search problems. They use neural network is constructed from the chromosome, en-
techniques inspired by evolutionary biology such as mu- vironment is initialized and the robot is put into rando-
tation, selection, and crossover. The EA typically works mly chosen starting location. The inputs of neural ne-
with a population ofindividuals representing abstract tworks are interconnected with robot’s sensors and out-
representations of feasible solutions. Each individual is puts with robot’s motors. The robot is then left to “live”
assigned ditnessthat is a measure of how good solu- in the simulated environment for some (fixed) time pe-
tion it represents. The better the solution is, the higher riod, fully controlled by neural network. As soon as the
the fitness value it gets. The population evolves towards robot hits the wall or obstacle, simulation is stopped. De-
better solutions. The evolution starts from a population pending on how well the robot is performing, the indi-
of completely random individuals and iterates in gene- vidual is evaluated by value, which we call “trial score”.
rations. In each generation, the fithess of each individual The higher the trial score, the more successful robot in
is evaluated. Individuals are stochastically selecteshfro executing the task in a particular trial. The fitness value
the current population (based on their fitness), and mo-is then obtained by summing up all trial scores.
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4.2. Maze Exploration Successful individuals, which pass through the zone in

each trial, will have fitness value in range from 4 to 5.

® The fractional part of the fithess value reflects the speed
o of the agent and it’s ability to avoid obstacles.

4.3. Results

All the networks included in the tests were able to learn
the task of finding a random zone from all four positi-
ons. The resulting best fitness values (cf. Tab. 1) are all
in the range of 4.3—4.4 and they differ only in the order
of few per cent. It can be seen that the MLP networks
perform slightly better, RBF networks are in the middle,
while recurrent networks are a bit worse in terms of the
In this experiment, the agent is put in the maze of 60x30 pest fitness achieved. According to their general perfor-
cm(Fig. 3). The agent's task is to fully explore the maze. mance, which takes into account ten different EA runs,
Fitness evaluation consists of four trials, individuadksi the situation changes slightly. In general, the networks
differ by agent's starting location. Agentis leftto live in - can be divided into two categories. The first one repre-
the environment for 250 simulation steps. sents networks that performed well in each experiment
) in a consistent manner, i.e. every run of the evolutio-
The three-componerif,; motivates agent to leam 0 p5ry aigorithm out of the ten random populations en-
move and to avoid obstacles: ded in finding a successful network that was able to find
the zone from each trial. MLP networks and recurrent
, networks with 5 units fall into this group. The second
Tog = Vai (1= VAVi)(1 — ik ). ) group has in fact a smaller trial rate because, typically,
one out of ten runs of EA did not produced the optimal
First component/, ; is computed by summing abso- spjution. The observance of average and standard devi-
lute values of motor speed in thieth simulation step  ation values in Tab. 1 shows this clearly. This might still
and j-th trial, generating value between 0 and 1. The pe caused by the less-efficient EA performance for RBF
second componerft — /AV; ;) encourages the tWo  gnd ElIman networks.
wheels to rotate in the same direction. The last compo-
nent(1 — i ;) encourage obstacle avoidance. The value S e,
ix,; of the most active sensor ith simulation step and N e
j-th trial provides a conservative measure of how close
the robot is to an object. The closer it is to an object, the
higher the measured value in range from 0 to 1. Thus,
Ty ; is in range from O to 1, too.

Figure 3: The environment in the maze exploration task. The
zone is drawn as the bigger circle, the smaller ci-
rcle represents the Khepera robot.

In the j-th trial, scoreS; is computed by summing nor-
malized trial gaing’}, ; in each simulation step.

ET

o

‘ ~

o

250 1
Si=2_

k=1 25 Figure 4: Testing environment in the maze exploration task is

the bigger maze of 100x100 cm. Agent’s strategy

To stimulate maze exploration, agent is rewarded, when is to follow wall on it's left side.

it passes through the zone. The zone is randomly locatedThe important thing is to test the quality of the obtai-
area, which can not be sensed by an agent. Thereforeped solution is tested in a different arena, where a big-

Aj is 1, if agent passed through the zonejith trial — ger maze is utilized (Fig. 4). Each of the architectures is
and0 otherwise. The fitness value is then computed as capable of efficient space exploration behavior that has
follows: emerged during the learning to find random zone posi-

tions. The above mentioned figure shows that the robot
4 trained in a quite simple arena and endowed by relati-
Fitness — Z(Sj +A)) @ vely small network of 5-10 units is capable to navigate

= in a very complex environment.
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RBF network with 5 units

MLP network with 5 units

fitness
fitness

0 L L L 0 / L L
0 50 100 150 200 0 50 100 150 200
generations

generations

Figure 5: Plots of fitness curves in consecutive populations (maximalimal, and average individual) for a typical EA run (one
of ten) training the RBF (and MLP, respectively) networkwt units.

Network type Maze exploration Wall and cylinder
mean std  min  max mean std min max

MLP 5 units 429 0.08 4.20 4.44 2326.1 57.8 21855 2390.0
MLP 10 units 432 0.07 4.24 4.46 23314 86.6 2089.0 23915
ELM 5 units 424 006 4.14 433 2250.8 147.7 19545 23825
ELM 10 units 397 0.70 224 434 2027.8 204.3 1609.5 2301.5
RBF 5 units 398 0.90 142 436 1986.6 230.2 1604.0 2343.0
RBF 10 units 400 0.97 123 438 2079.4 945 20775 23595

Table 1: Comparison of the fitness values achieved by different tgbegtwork in the experiments.

4.4. Walls and Cylinders Experiment environment through motor action), are mostly unable

to discriminate between different objects. However, this

problem can easily be solved by agents that are left free
to move in the environment.

O The agent is allowed to sense the world by only six fron-
tal infrared sensors, which provide it with only limited

'* information about environment. Fitness evaluation con-

= {5}"”4} sists of five trials, individual trials differ by agent’s sta

/{/// ting location. Agent is left to live in the environment for

/ 500 simulation steps. In each simulation step, trial score
w W is increased by 1, if robot is near the cylinder, or 0.5, if

robot is near the wall. The fitness value is then obtained

by summing up all trial scores. Environmentis the arena
of 40x40 cm surrounded by walls.

Figure 6: Trajectory of an agent doing the Walls and cylin- 4.5, Results
ders task.
_ _ _ _ ~Itmay seem surprising that even this more complicated
Following experimentis based on the experiment carried task was solved quite easily by relatively simple network
out by Nolfi [10, 11]. The task is to discriminate be- architectures(Fig. 6). The images of walls and cylinders

tween the sensory patterns produced by the walls andare overlapping a lot in the input space determined by
small cylinders. As noted in [9], passive networks (i.e. the sensors.

networks which are passively exposed to a set of sensory
patterns without being able to interact with the external The results in terms of best individuals are again quite
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comparable for different architectures with reasonable vior by evolutionary algorithm only by rewarding the
network sizes. The differences are more pronouncedgood ones, and without explicitly specifying particu-
than in the case of the previous task though. Again, the lar actions. The next step is to extend this approach
MLP is the overall winner mainly when considering the for more complicated actions and compound behavi-
overall performance averaged over ten runs of EA. The ors. This can be probably realized by incremental lear-
behavior of EA for EIman and RBF networks was less ning one network a sequence of several tasks. Another—
consistent, there were again several runs that obviouslymaybe a more promising approach—is to try to build
got stuck in local extrema (cf. Tab. 1). a higher level architecture (like a type of a Brooks sub-
sumption architecture [1]) which would have a control
We should emphasize the difference between fitnessover switching simpler tasks realized by specialized ne-
functions in both experiment. The fitness function used tworks. Ideally, this higher control structure is also evol
in the first experiment rewards robot for single actions, ved adaptively without the need to explicitly hardwire it
whereas in the second experiment, we describe only de-in advance. The last direction of our future work is the
sired behavior. extension of this methodology to the field of collective

. . . behavior.
All network architectures produced similar behavior.

Robot was exploring the environment by doing arc mo-
vements and after discovering target, it started to move References
there and back and remained in it's vicinity.
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Abstract

The paper describes a new approach for treating trust imfegoable groups of users used for communication
and computing. The proposed model uses properties of weldhtpergraphs. Model flexibility enables description
of relations between nodes such that these relations asemwesl under frequent changes. The ideas can be straight-
forwardly generalized to other concepts describable byhteid hypergraphs. The consistency of the proposal was
verified in a couple of experiments with our pilot implemeiga SecGRID.

1. Introduction for securing communication against the treat of
tap, man-in-the-middle attack, etc.
It is thought that humans evolution was started at the
precise moment when the first primogenitor used its
hands to make a simple job. Even if it might not be the
truth, the truth is that our primogenitor used to live in
crowds. These crowds were simple societies, the prede-
cessors of current complicated society spreading round!nteraction or communication secured by the strong
the world. Although the evolution from the crowds to the  ¢ryptography between mutually unknown entities or en-
nowadays societies was a long and sometimes a painfufities with very limited knowledge about themselves
process, at least one thing has reminded in the limelight ¢an take place only if trust between the parties is high
— communication. Were it not for the communication, it €nough. Nevertheless trust is not a static phenomena;
would have been very hard even unlikely to have achie- humans are used to change their relationships on the
ved the progress in society and technologies. It is not fly @ posed to dangers or security threats during their
surprising then that many great inventions were in the €very day lives. Thence models coping with trust as sta-
field of communication. The list might be started with tic property fails to be appropriate in human driven com-
the typography going through the Bell's telegraph and Munication. Thus, a dynamic model of trust is needed
the telephone reaching the current hi-tech wireless com-Where new relationships may emerge, existing relation-
munication devices and the Internet. ship may disappear or level of trust may change through
the time.
However, all the progress and the success of the high-
tech devices have also faced some severe problems. Th(i Motivation
one of the most severe issues is security. The security™

task can be viewed as consisting of two the main sub- Figure 1 illustrates the motivation scenario of private in-
tasks: formation exchange between two distinct entities. In this
scenario User B requires private information provided

e encryption- use strong cryptography algorithms by User A. Assume that the users store group mem-

e trust- use the level of trust between engaged enti-
ties to simplify the process of making the resolu-
tion whether accept or reject the request
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i

User B (requiring
information)

%

User A (providing
information)

My Groups(set of groups of user B)

My Groups(set of groups of user A)

set of groups of user A:= get MyGrgups()

-

=

set of groups of user B:= get MyGroups()

]

intersection:= calculate intersection(set of groups of user B, set of groups of user A)

=

intersection:= calculate intersection(set of groups of user A, set of groups of u|

opt level of trust /

[intersection_trust>=threshold]

access granted

access granted

e

[intersection_trust<threshold]

access rejected

access rejected

Figure 1: Extended motivation scenario

o

|
Cae

Figure 2: An example of a hypergraph

bership related informatidn At first users exchange
their group memberships. Then both retrieve their own
groups memberships (possibly securely stored in a pri-
vate place) and compute intersections — groups they
are both members. If the intersection comprises a trus-
ted group(s) the access is granted, rejected otherwise
The point stressed is the ability to infer trust level be-
tween two users on their group memberships infor-
mation. Such approach differs from traditional concep-
tion of trust [1], [2], [3], [4], [5], [6], [7], [8], [9], No-
deRanking [10] and it allows more flexibility and better
accessibility of trust related information.

3. Dynamic Trust Model From the figure it follows that a hypergraph can describe

a very complicated structure of groups of users straight-

forwardly. In addition, most of the important concepts

from graphs can be easily generalized to hypergraphs.
A weighted oriented graph can be used to model trust Fyrther more, weights can be used in order to describe
on basic of relationships between two particular users. 3 structure of users more in details, not just who is con-
On the other hand, our comprehension of trust differs nected to whom, but also reliability, security, error pro-

inasmuch as trust is maintained on the group member-neness or other additional properties needed.
ships basics. Under such circumstances, the graph model

is not sufficient. Therefore we use a hypergraphs with Concrete  relations  between a  hypergraph
required abilities. H = (U, N,Wy,Wy) and the structure of groups of
users follows:

A hyperedge can connect arbitrary many vertices
and one vertex can be a pin of more hypered-
ges [11]. Figure 2 shows a simple example of
a hypergraph with 5 hyperedges and 8 vertices.

le.g. football players, lawyers, mathematicians
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1. users equal to verticés

2. useru; related information (abilities, etc.) are de-
scribed as the weight of vertid&’,,
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3. groups of users equal to hypered@és connected as most as possible they mush have mutual

_ ) relationship. In graph point of view, we are looking for
4. overall group security together with group related 5 complete graph of size twds(2). Case a), in the fi-

information equal to the weight of hypereddé,, gure, shows a creation of a se&® from verticesV’ 1

and V2. If found then the algorithm searches for any
vertexV'3 connected to the seed by an acceptable triad
(case b)). Let/1 and V2 identified as a seed and sub-
6. set of groups of a userequalshyperedges(u) sequently merged during the step c). If there existed the
vertex V'3 then the precedent merging initiated the cre-
ation of a newK2 (case d)). Thence, vertéx3 is mer-

In the rest of the paper Virtual Organization definition d with th d durina th t st turning t
will be extended from its primary definition [12], [13]. g)e W © seed during the next step refurning fo case

In our case a VO is not a temporal but rather long-live

coalition of users with the same or very similar intenti- The G2H algorithm works in this way until all vertices

ons. The proposed model does not consider the only onéare examined resulting in partitions of verticés € H)
VO but it is rather concern with a set of interconnected of the input graph.

VOs.

5. pins of a hyperedgeins(n;) equals to the mem-
bers of the group described by the hyperedge

4.2. SD Algorithm

4. Dynamic Virtual Organization Evolution The dynamics of the model corresponds to the fact that
users must react to changes they are posed to in their real

As we put stress on the fact that trust is not a static phe-lives. The dynamics has further been claimed to be the
nomena, but rather a dynamic concept, the following in- crucial point for systems coping with security hazards
section introduces the dynamic part of the security mo-

4.1. G2H Algorithm del —the SD algorithm.

As the security model maintains dynamic VOs as hy- The SD algorithm must preserve local security of the
pergraphs, it is necessary to propose a transformation ofusers in groups, thus maintaining the overall security.
a general input structure into hypergraphs. Since the model is totally distributed with no centrali-

) ) ] zed control it is not an easy task.
The transformation cannot be done arbitrary but it must

consider a semantics of the input graph — social relation- The following list gives an overview on events that are
ships among users. The main task of the transformationpossible through the evolution of a VO:
is to identify highly correlated substructures and trans-

forms them into a groups of users (hyperedges). 1. addition of a new member

4.1.1 G2H Based on Search for Strongly Con- 2. deletion of a member

nected Components: The main idea of this ver-
sion of the algorithm is to identify strongly connected
components in the input graph and creates hyperedges

from the components. The basic idea is rather simple; if The SD algorithm takes care for each listed action sepa-

any two vertices A,B are in the same strongly connected rately as the actions related to the events are not equal.
component there must exist an oriented path connecting

vertex A with vertex B. In the social network point of The input of the SD algorithm is a quadripple
view, such vertices (users) have direct knowledge about(u1, 71, u2, n2) where the following holds: user, from
themselves or can infer mutual relationship trough the groupn, is invited by usemy from groupns to group
other vertices (users). no. The algorithm begins with a procedure that compa-
res the weights (level of trust) of groups andns. If
4.1.2 G2H Based on Search for Triads: The the difference is less then a predefined threshdlen

second version of the algorithm based on triads [14] was USeru: is simply added to group., otherwise is tri-

proposed due to the inability of the first version to cope 9ggered the split net procedure. The split net procedure
with dense input graphs. splits a group with a higher level of trust. After splitting

or adding procedure is triggered the merging procedure.
Figure 3 graphically shows the main idea of the algo- It merges groups witlintersection = |ny U no| larger
rithm with comments provided. If any two vertices are then a threshold.

3. change in users’ relationships
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e2 a) Base K,

b) vertex V3
connected to K,by an
oriented path with
length 3

d) Situation after

c) Merging K,
merging was done K,

Figure 3: G2H algorithm for transforming edges into nets

A new relation

User 1 from net 1 is invited by User 2 to net 2
Compare

weights of nets

weight of net 1, weight of net 2

[weight of net 1=epsilon(+\-)weight of net 2] [weight of net 1<epsilon(+\-)weight of net 2]

Add user to the
net

Split the net

[weight of net 2 <= weight of net 1] [weight of net 2 > weight of net 1]

Split net 1 Split net 2

Merge Nets

O,

End

Figure 4: UML activity diagram describing the SD algorithm
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In other words, at the beginning there is a new invitation together with the bigger difference in levels of trust it
issued by User 1 to User Zompare weights of nets suggest a possible trust violation. Therefore the group
procedure computes the difference in trust levels be- with higher level is split, as shown in the figure. The
tween the groups. If this difference is lower then a thre- old group contains users not involved in intersection to-
shold then groups share the same or almost the sameayether with User 1 and User 2, whereas the new group
trust and the new user is welcome. If the difference is composes members of the former, now split, group apart
higher thersplit the netprocedure preserves the trust of from User 1 and User 2.
the group by isolating potentially untrusted users. The
splitting procedure is given more in details in Figure 5. Figures 6 and 7 graphically show the splitting procedure.
' At the beginning (Figure 6) there are two groups with
Start|Spit different level of trust and two users in the intersection
(AB1, AB2). Furthermore[/ ser2 issues an invitation
for Userl. The next Figure 7 shows the final state after
a— splitting. Whereagroupl remains unchanged, group
Intersection group?2 is divide intogroup2 oldandgroup2 new

intersection

Level of trust of group2 old=100

group?2 old @

Level of trust of group1=10

[not (Intersection)] [intersection]

Create a net_new =
(old net - User 1 - User
2)

net_old=(User 2+User
1+not in intersection)

46 Figure 7: Situation after splitting

Level of trust of group2 new=200

O,
GoTo(AdduserAtonetn2) Sit Done 5. Experimental Results
Figure 5: UML activity diagram describing the split pro-

cedure of the SD algorithm described The stability of the dynamic part (SD algorithm) was

verified by an experimental implementation SecGRID.
The SecGRID implements the SD algorithm with two
main parameters influencing overall behavior of the SD
algorithm:

Level of trust of group1=10 Level of trust of group2=100

e Parameter) influences the merging procedure.
The size of intersection is compared tocand if
higher the groups are merged.

group1 group2

- e Parametetr controls the splitting procedure. The

User1 from group1 has received . . - I

an invitation to group2 by User2 higher ¢ the higher probability of splitting the
groups.

Figure 6: Initial configuration

At first, the procedure tries to identify the users that are 1€ €xperiments were done for three different combi-
member of both groups (net 1 and net 2). If no inter- nation of the parameters covering all possible combi-

section exists user is simply added to the group (net 2). nations. The input to the SD algorij[h_m was a reall socigl
If the intersection is nonempty it implies the fact that network extracted from data describing calls realized in

some users have known each other from both groups and® Mobile network in the Slovak republic. The data con-
tains records as quartet®¢ipient sender type of the
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request duration). For the experiment were extracted
161 404 records of phone calls among 121 672 users.

At the beginning an initial system of 908 groups each
containing 134 users was created with the equal level
of trust. The SecGRID then fetches records one by one
from the input set. Each record expressed the fact that
therecipientinvites senderto one of the groups the re-
cipient is member (SecGRID chose concrete group ran-
domly from the set of groups of the recipient).

In the following figures are shown three main dependen-
cies (given in the same order as in the list):

e set of histograms (absolute frequency as
a function of size of groups)

e detailed final histogram (absolute frequency as
a function of size of groups)

e dependency of the size of groups on cycles com-
pleted

The figures shown the evolution of the system of the
groups. The experiments shown that despite different
parameters, the SD algorithm tends to achieve stabi-
lity (the same distribution of the groups of users) round
cycle 70 000. The main differences between the simu-
lations with various parameters are mainly visible in the
first half of the histograms where the shapes visibly di-
ffer. After the first half (round cycle 70 000) the shapes
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do not differ much and the system remains stable for the Figyre 9: Histograms forA=1, e=1, starting amount of
groups=908

rest of the experiment.

A very interesting is the sudden decrease in minimal siz
of group in Figures 10,13,16. Currently, we cannot ex
plain the reason, but it seems to be the most probat
that the input data contains a dangerous configuratic

that results in sudden splitting of the groups.

1400 Final state g

1200 - -

800 -

: 600 -

200 -

0 50 100 150 200 250

Size of nets

Figure 8: The final histogram fon=1, e=1, starting amount
of groups=908
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Final state

Figure 15: The final histogram foA=3, e=1, starting amount

of groups=908
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Figure 16: The dependency of the size of net on cycle
completed for A=3, e=1, starting amount of
groups=908

A detailed investigation into the input records is in our
plan for the future work, but it is noticeable that the size
of the input makes this very complicated.

6. Conclusions

The paper presents an approach for treating security, pri-

vacy and trust in a distributed and dynamic environment.
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Abstract

Classifier combining is a succesful method for improvingdhality of classification. In this paper, we introduce
the concept of confidence of classification and define two denfie measures — the local accuracy and the local
class separability. We propose a simple classifier aggmgatgorithm which uses the concept of confidence, the
Filtered Mean Value Aggregation algorithm. This algoritlmitperforms two commonly used methods for classifier
combining on two datasets. We show that by incorporatindidence into classifier aggregation algorithms, we can
improve state-of-the-art methods for classifier combining

1. Introduction to determine which classifier iocally better than the
others, such algorithms select only one classifier, discar-
ding much potentialy useful information, thus reducing

The literature shows that a team of multiple classifiers the robustness compared to classifier aggregation.

can perform the classification task better than any of the
individual classifiers. However, to achieve this, the clas- | this paper, we try to identify the strong points of

sifier outputs have to be combined wisely. For this pur- ¢jassifier selection techniques and incorporate them info
pose, many methods have been introduced in the litera-cjassifier aggregation methods. This will enable us to
ture. These can be grouped into classifier selection andgreate novel methods for classifier aggregation which
classifier aggregation. can provide better results than state-of-the-art methods

o . . . for classifier combining on two datasets.
In classifier selection, some rule is used to determine

which classifier to use for the current pattern; only this \we introduce the concept obnfidencef classification,
“expert” classifier is then used for the final prediction, \yhich can be used both as a criterium for classifier se-
and the rest of the team is discarded. In classifier aggre-jection and for improving classifier aggregation. We de-
gation, outputs of all the classifiers are aggregated into fine two confidence measures, and propose an algorithm
the final decision. for classifier aggregation which utilizes the concept of

c drawback of classifi i thods | confidence. We then show that this algorithm outper-
ormmon drawback of classilier aggregation methoas IS ¢, ., yyq commonly used methods for classifier com-
that they areglobal, i.e., they do not adapt themselves bining

to the particular patterns to classify. In other words, the

combination is specified during a training phase, prior The paper is structurred as follows: Section 2 describes
to classifying a test pattern. A typical example is that he pasics of classification and classifier combining, and
if we use the weighted mean aggregation rule, the wei- symmarizes methods for classifier selection and classi-
ghts of the individual classifiers are usually based on the fier aggregation. Section 3 then introduces the concept
classifiers’ accuracies. While it is true that if a classifier of confidence of classification. Section 4 presents the ex-

has high accuracy, its weight should be higher, still, for perimental results. Finally, Section 5 then concludes the
the curent pattern some other classifier could be more paper.
suitable.

While classifier selection methods use some techniques
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2. Classifier Combining

Throughout the rest of the paper, we use the following
notation. LetY C R" be an-dimensionafeature space

an elementt € X of this space is callegattern and
letCy,...,Cny C X be disjoint sets calledlassesThe
goal of classification is do determine to which class a gi-
ven pattern belongs. We callcdassifierany mappingp
from the following:

e possibilistic classifier- ¢ : X — [0,1]Y, where
o(Z) = (1, ..., pn) aredegrees of classification
to each class.

e normalized possibilistic classifier ¢ : X —
[07 1]N’ Where(b(f) = (Mla e 7MN)! Zz Mi = 1.

e crisp classifier—¢ : X — {1,...,N}, where
¢(Z) is the predicted class label of pattetrCrisp

Classifier combining consists of two steps —first, we cre-
ate a team of classifiers, and then we adopt some strategy
to combine the classifiers’ outputs into the final deci-
sion. The former step is common for both classifier se-
lection and aggregation (algorithms for creating a team
of classifiers are descibed in Sec. 2.1), while for the lat-
ter, different algorithms are needed (these are described
in Sec. 2.2 and 2.3).

2.1. Ensemble Methods

If the team of classifiers consists only of classifiers of
the same type, which differ only in their parameters, di-
mensionality, or training sets, the team is usually called
an ensembleof classifiers. That is why the methods
which create a team of classifiers are sometimes called
ensemble method3he restriction to classifiers of the
same type is not essential, but it ensures that the outputs
of the classifiers are consistent.

classifier can also be defined as a special case of

a normalized possibilistic classifier, such that one

Well-known methods for ensemble creation begging

degree of membership is equal to 1 and the others[3], boosting[4], error correction codes [5], anultiple

are equal to 0.

feature subsefMFS) methods [6]. These methods try to
create an ensemble of classifiers which are beoturate

Normalized possibilistic classifiers are sometimes called anddiverse(in the sense that they predict differently).

probabilistic[1]. However, they do not need to be based
on probablility theory, so we will call them normali-
zed possibilistic. Other types of classifiers, sucineak
classifier[2], can be defined, but we deal with crisp and
possibilistic classifiers only in the rest of the paper. The
conversion of a possibilistic classifigy, to a crisp clas-
sifier ¢, is calledhardening

be(T) = argmaxi:l,...,N{/Li}v 1)

Where(bp(f) = (:ula o a,uN)

In classifier combining, we create a team of classifiers,

Diversity of the ensemble is thought to be a cruical issue
for classifier combining; however, there is no generally
accepted measure of diversity. In [7], 10 diversity mea-
sures are studied, resulting in the suggestion to use the
Q statistics because of its simplicity.

2.2. Classifier Selection

Crisp classifiers are not much appropriate for classi-
fier combining, because they do not provide information
about degree of classification to each class. For these
classifiers, only simple techniques like voting or single

let each of the classifiers predict independently, and thenpest selection can be used. That's the reason why we re-

combine the classifiers’ outputs into one final classifier.
This combined classifier can perform its classification
task better than any of the individual classifiers in the

strict to possibilistic classifiers in this paper. In thetres
of the paper, we suppose that we have constructed an
ensembléq¢, . .., ¢,) of r possibilistic classifiers using

team. Methods which use more or less this idea can beggme of the methods described in Sec. 2.1.

found under many names in the literatureclassifier
combiningclassifier aggregatiosclassifier fusionclas-
sifier selectionmixture of expertsclassifier ensembles

Classifier selection algorithms [8, 9, 10] use some cri-
terion to determine which classifier is most suitable for

etc. Basically, there are two main approaches to classi-the current pattern, and the output of this classifier is ta-

fier combination:

e classifier selectionwhere we use some rule to de-
termine which classifier to use for the current pat-
tern; only this “expert” classifier is then used for
the final prediction

o classifier aggregatiorwhere all the classifiers in
the team are used for the final decision
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ken as the final result. The criterion for selection can be
some global property of the ensemble, asiimgle best
selection(SBS), or some local property, as dynamic
best selectio(DBS).

In SBS, the criterion for selection is usually the vali-
dation error rate of the individual classifiers. The classi-
fier with the lowest validation error rate is used for pre-
diction of all the patterns (i.e. the other classifiers are en
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tirely discarded). In DBS, the classifier optimizing some the individual classifiers etc. In this paper, we try to ge-
local criterion (for example local accuracy of the clas- neralize different methods which use this approach, and
sifier in neighborhood of the current pattern) is selected incorporate all of them into the concept of confidence.

for the prediction.

2.3. Classifier Aggregation

For classifier aggregation, the output of the ensemble
(¢1,...,9¢,) for input patternZ can be structured to
ar x N matrix, calleddecision profilg DP):

¢1 (f) M1 H1,2 MH1,N
N $2(Z) H2,1 22 H2,N
DP(Z) = ) =
d)r (f) Hr,1 Hr,2 Hr, N
2)

The:—th row of DP(Z) is an output of the correspon-
ding classifierp;, and thej—th column contains the de-
grees of classification af to the corresponding clasgs;
given by all the classifiers.

Many methods for aggregating the ensemble of classi-
fiers into one final classifier have been reported in the li-

terature. A good overview of the commonly used aggre-

gation methods can be found in [1]. These methods com-
prise simple arithmetic rules (sum, product, maximum,

minimum, average, weighted average, see [1, 11]), fuzzy
integral [1, 12], Dempster-Shafer fusion [1, 13], second-

level classifiers [1], decision templates [1], and many

others.

In this paper, we introduce the conceptooinfidencef
classification, which can be used both as a criterion for
classifier selection, and for improving classifier aggre-
gation by filtering the worst classifiers in the team. The
concept of confidence is described in the next section.

3. Confidence Classifiers

The classifiers defined in Sec. 2 (both crisp and possibi-
listic) give us information about thevidenceof classifi-
cation (i.e., degrees of classification) of the current pat-
ternz. This is all we need to know if we are classifying
patterns using a single classifier. However, in classifier
combining, we have a team of classifiers, and the infor-
mation about “how can we trust the output of classifier
¢;" could be very useful. For this purpose, we introduce
a concept otonfidencef classification.

The concept of confidence is not new to classifier com-
bining — in classifier selection, the criteria for selection

This enables us to create general algorithms for classi-
fier aggregation, which use some properties of classi-
fier selection, improving both classifier aggregation and
classifier selection. This is what makes the approach no-
vel.

Suppose we have a classifigrand a patter@ to clas-
sify. The confidence of classification of the pattefn
using classifierp is a real number in the unit interval
[0,1], and we model it by a mapping; : X — [0,1].
The mapping:, will be calledconfidence measurand
the tuple(¢, ) will be calledconfidence classifier

The confidence of classificatiof (Z) can be any pro-
perty estimating the degree to which we can trust the
output of ¢ for current patterri. In this paper, we will
use the following two confidence measures:

e local accuracywith parametek — LA(k)
LA(k) is commonly used criterion for classifier
selection [10]. The confidence of classification of
Z using¢ is defined as the estimate of local accu-
racy of ¢ near®. Let Ny (&) denote the set of
k nearest neighbors from the training (or vali-
dation) set, closest t& under Euclidean metric.
ThenniA(k)(:E’) is defined as the ratio of the num-

ber of patterns froniVy, (Z) classified correctly by

¢ to the number of all patterns froi (7).

local class separability- (LCS)

This approach is based on the fact that if the de-
gree of classification to some class is high, and
degrees of classification to the remaining classes
are low, then the classification is probably right,
i.e., the confidence should be high. On the other
hand, if all the degrees of classification have simi-
lar values, then the confidence should be low. Let
¢ be a normalized possibilistic classifierz) =
(41, ..., pn). Then the LCS confidence of classi-
fication is defined using the fololowing formula:

N—-1

N
S i -l 3)

i=1 j=i+1

1
(N -1

LCS
Ko

(%) =

Proposition 1 Let ¢ be a normalized possibilis-
tic classifier, i.e 37, y1; = 1. Thenx£S(7) €
[0,1].

can be viewed as some confidence measures. In wei-

ghted mean classifier aggregation, the individual clas-
sifiers’ error rates (which can again be viewed as some

confidence measure) are used to adapt the weights of
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Proof: LetC = 37", > i iy [ — pyl- Wi-
thout loss of generality, let; > pus > -+ > un
— under such conditions the absolute values va-
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nish. Itis easy to show that

N—-1 N-2
WIS WSS
i=1 =1

N N (4)
_Zﬂi_ZMi_"'_ﬂNa
=2 =3
hence
N—-1 N-—-2
C<Y ity pit-—tm (5
i=1 i=1
and becaus® " 7 <1Vj=1,...,N —1,
we get

which proves that;“*(#) < 1. The fact that
kECS(E) > 0s trivial. n
We give some examples of LCS for different out-
puts of normalized possibilistic classifiers:

- ¢(Z¥) = (1,0,0,0) — the degree of classifi-
cation to one of the classes is maximal, and
the others ar®. The confidence should be
high, and indeed;; (&) = 1.

— ¢(Z) = (0.8,0,0.2,0) — there is some small
ambiguity in the classification. The confi-
dence drops ta“*(Z) = 0.86.

- ¢(Z) = (0.5,0.5,0,0) — the degrees of clas-
sification to the first and second class are the
samex ;5 (Z) = 0.66

— ¢(Z) = (0.4,0.4,0.2,0) — ambiguity incre-
ases, but stilliy = 0. x5°%(Z) = 0.46

— ¢(Z) = (0.4,0.4,0.1,0.1) — all the degrees
of classification are> 0. k% (%) = 0.4

— #(Z) = (0.25,0.25,0.25,0.25) — all the de-
grees of classification are the same, confi-
dence should be minimat/;“(#) = 0

The examples above show that LCS expres-
ses some measure of confidence of classifi-
cation using normalized possibilistic classifiers.
However, the formula (3) can not be used for non-
normalized classifiers:

- (%) = (1,0,0,0) - k5°%(&) = 1. This is
as expected.

— ¢(¥) = (1,1,0,0) — in this case, we do not
know to which of the classe€; or C5 to
classify, so the confidence should be lower;
howeverx}“®(Z) = 1.33.
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This behavior implies that (3) has to be modified
for non-normalized classifiers. However, all the
classifiers we used in our experiments were nor-
malized, so we used LCS in the form of (3).

The advantage of LCS over LA is its lower time comple-
xity. While LA needs to find the set of neighbors, and to
classify all of them, LCS performs only a simple ari-
thmetic operation on a vector of length.

State-of-the-art methods for classifier combining do not
use both evidence and confidence of classification hea-
vily. In classifier selection, confidence is used to select
a classifier, and the evidence of other classifiers is discar-
ded. Simple algorithms for classifier aggregation (mean
value, product, maximum, minimum, etc.) use the evi-
dence of classification only, and they disregard the con-
fidence. Advanced classifier aggregation methods (wei-
ghted mean, fuzzy integral, etc.) incorporate confidence
into aggregation, but only global confidence measures
(i.e., measures independent on the current pattern, e.g.
based on validation accuracy of the classifiers) are com-
monly used.

However, by incorporating local confidence measures
(like LA or LCS) into such algorithms, their perfor-
mance could be improved. To show this, we propose
a simple classifier aggregation algorithm, which utilizes
the concept of confidence of classification, the Filtered
Mean Value Aggregation algorithm, and study its per-
formance on two datasets. The details are given in the
next section.

4. Experiments

To show that the concept of confidence of classification
can improve state-of-the-art methods for classifier com-
bining, we developed a simple algorithm, called Filtered
Mean Value Aggregation (FMVA), and compared it to
two other methods, Dynamic Best Selection (DBS) and
Mean Value Aggregation (MVA), on two datasets from
the UClI repository [14] — the Pima and Balance datasets.

The algorithms used in the experiments are described in
the next section.

4.1. Algorithm Description

Let (¢q,...,¢,) be a team of classifiers, (2) the output
of the team for a patterd.

1. Mean Value Aggregatior MVA is an classifier
aggregation method. MVA computes mean value
of degree of classification to each class, i.e. the
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aggregated degree of classification to cla§ss rithms were implemented using the Java programming
defined as the average of the degrees of classifi-language.
cation to clas€’; through all the classifiers in the

team: The results from experimental testing on the Pima and
1" Balance datasets are shown in Fig. 1 and 2, respectively.
Hi =7 Z Hij- (7) We measured mean test error rate and standard deviation
=1

of test error rate (in %) from 10-fold crossvalidation.

2. Filtered Mean Value Aggregatior FMVA is  From the figures, we can see that FMVA performs most
a modification of MVA, the difference being that  often better than both of the other two methods. For the
prior to computing the mean value, classifiers with pjma dataset, MVA achieves about 26% error rate, DBS
confidence of classification of the current pattern ith LA(20) confidence measure about 28%, DBS with
lower than some threshold are discarded. If | s confidence measure about 25%. By fine-tuning the

T = 0, FMVA coincides with MVA. If there  threshold for FMVA, we can achieve less than 24% error
are no classifiers with confidence higher tHEn  (ate.

(i.e., all the classifiers would be discarded)js
lowered to the value of maximal confidence in the For the Balance dataset, the improvement is even more
team. apparent — MVA achieves about 18.5%, DBS with
LA(20) nearly 20%, DBS with LCS nearly 25%, while
3. Dynamic Best Selection DBS is a classifier se-  FMVA can be fine-tuned to approx. 14% for both

lection algorithm. From the tearfy, ..., ¢,), LA(20) and LCS.
the classifier with the maximal confideneg .. is

selected. If there is more than one classifier with In all of the four figures, we can see the following trend:

confidencex,,q., @ random one among them is with increasingrl’, the error rate first decreases to some

selected. point, and then it starts to increase again. This can be
interpreted as follows: iff" is too low, classifiers with
low confidence (which probably yield incorrect predicti-

4.2. Experimental Results ons) are used in the aggregation, confusing the rest of the
For the experiments, we used an ensemble of classi-t€am. If the threshold is too high, there is only a small
fiers (41, ..., ¢,), constructed using the Multiple Fea- number of classifiers (or just one in the extreme case)

ture Subset method, i.e., we created classifiers with all Used in the aggregation, and the team is less robust to
possible combinations of features (all 1-D classifiers, all Outliers. For some value df’, these two aspects ba-
2-D classifers, etc.). As the Balance dataset is 4-D, thelance, resulting in enough classifiers with reasonably
resulting ensemble consisted of 15 classifiers, and as thedood confidence.

Pima dataset is 8-D, the resulting ensemble consisted of h d b h - he fi iah
255 classifiers. What could be somewhat surprising on the first sight,

is the relatively big gap between DBS and FMVA with

For the Pima dataset, the base classifiers were Bayesiad = 1, which is particularly apparent for the Balance
k-NN classifiers [16]. algorithms should perform comparably. However, this

notion is incorrect — in DBS, always only one classifier
The combination of the ensemble was done using theis used, while in the case of FMVA witli' = 1, there
MVA (classifier aggregation), FMVA (with threshold is usually more than one classifier with confience equal
T increasing from 0.1 to 1.0 — i.e., with increasing to one (or less than one ¥ has to be lowered), so the
classifier-selection-like behavior), and DBS (classifier prediction is always based on aggregation of some small
selection) methods. As confidence measures for FMVA number of classifiers. As the figures show, even such de-
and DBS, we used both LA(20) and LCS. All the algo- tail can improve the classification slightly.
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Figure 1: Mean+ standard deviation of the test error rate for the Pima datasMVA ( Threshold = 0), FMVA (T hreshold =
0.1 — 1), and DBS. Two confidence measures were used — LA(20) (leftL&S (right).
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Figure 2: Mean + standard deviation of the test error rate for the Balancasdatfor MVA (Threshold = 0), FMVA
(Threshold = 0.1 — 1), and DBS. Two confidence measures were used — LA(20) (le@t)&S (right).

5. Summary be incorporated into many classifier combining tech-
niques, possibly resulting in very successful methods. In
addition, other confidence measures than those reported

In this paper, we intorduced the concept of confidence in this article can be used to further improve the algo-
of classification, which can be used both as a criterium rithms. This is the topic of our future research.
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Abstrakt

Internet je ohromnym zdrojem provazanych, a@sinou neuspgadanych dat. Sémanticky web, jako rdegi
webu sogasného, se snazi tuto neukgmanostesit a to nejen bezprdsdre pro lidského uZivatele, ale zejména z
hlediska moznosti strojového zpracovani informaci. Cilesioplnit data o metadata, ktera maji byt srozumitelna jak
pro ¢lovéka, tak pro péitaC. Tato metadata jsou rigsgji vyjadiena pomoci ontologii, které jsou jednim ze zaklad-
nich stavebnich prvkii sémantického webu.figpevku se snaZim nastiniEkteré z moznosti integrace (8bvani)
ontologii za @elem sdileni informaci.

1. Uvod ktery ma usnadnit cestu informace od jedné osoby ke
druhé. Dnes se web dynamicky vyviji zejména jako

Internet je pozoruhodnym inforndaim zdrojem. Svo-  zprostedkovatel dokumentii pro lidského uZivatele. Sé-

boda, rozgenost a téré viudygditomnost Internetu je  manticky web se snazi naopak vyzdvihnout automatické

ale zaplacena neuspmlanosti @tsiny z rtho dostup- ~ zpracovani dat a informaci pomoci @@l a umoz-

nych informaci, které jsou navic velrbasto bez logic-  nit tak provoz inteligentnich sluzeb. Aby mohl séman-

kych navaznosti a vztahtl. Hledané konkrétni informace ticky web viibec fungovat, je¢ba, aby poitate nely

nam tak mnohdy zlistanou skryty. Bez f@hiné pro-  pfistup ke strukturovanym souborlim dat a zaroseo-

vazanosti zlistanou informace skrze sva podplirna datezumitelna pravidla k provaehi automatickych operaci

obtizré vyhledatelné i pro stroje, které by jinak byly s €mito daty [1]. Na obrazku 1 je nazéena struktura

schopny nalezené vysledky dale zpracovavat pro rliznésémantického webu.

skupiny uzivatelll. Pokud by data na webu byla roer$a

0 jejich vyznam, otekelo by to Siroké moznostitpje- ‘ Vérohodnost ‘

jich sdileni, vyhledavani a znovupouZziti. Tuto myslenku

se snazi rozvijet vize sémantického webu [14]. ‘

Pravidla (logika) \
‘ Ontologie (RDFS, OWL, ...) ‘

2. Sémanticky web ‘ RDF ‘
XML (Namespace, Schema, Query) ‘
Tvlirce webu Tim Berners-Letka, Ze sémanticky web ‘ URI/IRI. Unicode ‘

neni separatnim webem, nybrz je rde&im webu sou-
¢asného. Sémanticky welfifazuje datlm na webu
pfesny vyznam umaiujici spolupraci lidi a softwaru
[2]. V tomto ohledu se chova jako inforrbai systém,

Obrazek 1: Vrstvy sémantického webu
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Jak je vickt, tak pro vyvoj sémantického webu jsou dii- gie v pfirozeném jazycgs]. A protoze samotny firo-
lezité mnohé technologie. Pod zkratkou RDF [12] simll- zeny jazyk poskytuje mnoho rliznych pnestkli kon-
Zeme [edstavit model pro reprezentaci dat uloZenych ceptualizace, je zpracovani ontologii popsanyiiop

v jednotlivych zdrojich na webu. Zatimco XML [I5]
umoZuje uzivatellim vytviet viastni struktury doku-
mentd, ale nigka nic o jejich vyznamu, RDF umakije
zachyceni vyznamu, a to v poddbrojic objekt—atribut—
hodnota (podrat—gisudek—pednet). Konkrétni ci
(lidé, webové stranky, tabulky nebo cokoliv jiného) maji
urcité vlastnosti (atributy, predikaty — nédklad byt sy-
nem), které pak nabyvaji jistych hodnot (jina osoba, jina
webova stranka atd.). Objekt, atribut i hodnota mohou
byt identifikovany pomoci UREi IRI (Internationali-
zed Resource Identifier — URI s moznosti pouziti li-
bovolného kddovani, népCeského). RDF trojice vy-
tvéreji paviEiny informaci o souvisejicichécech. URI
umouji, ze koncepty nemuseji byt pouhymi slovy v
dokumentu, ale mohou byt provazany na unikatni defi-
nici, kterou si kazdy mlize na webu najit. Na webu nej-
Caségji pouzivana forma zapisu RDF je pomoci XML
[4]. Za t&chto Fedpokladl je oviem stale moZné, Ze
nagiklad dw rozdilné webové databaze budou pouzi-
vat rlizné identifikatory pslusejici stejnému konceptu.
Proto je nutny dal$i ze zakladnich kamenl sémantického
webu, konkrétg ontologie.

3. Ontologie

Podle jedné z definic je ontologfermalni specifikace
sdilené konceptualizadéonceptualizagie mysSlen abs-
traktni model vyseku realného&ta, ktery popisuje re-
levantni koncepty daného vyseku. Sldeamalnia sdi-
lenémaji dlileZity vyznam ke (znovu-)pouZitelnosti on-
tologii, protoze zakladnimfpdpokladem jejich opako-
vané (p&itaCové) pouzitelnosti je jejich formalni vyja-

zenym jazykem sloZité a provadi sétSinou na lingvis-

tické Grovni nebo seiigvadi na jiny (jednodussi) typ.
Druhou a negjasgji pouzivanou moznosti jeétit onto-
logie podle zdroje konceptualizace (viz obrazek 2):

e generické ontologie(ontologie vySsiho fagu—
zachycovani obecnych zakonitosti, (mohou slou-
Zit také jako prosedek pro spojeni jednotlivych
doménoe specifickych ontologii a tak pomoci k
jejich SirSi integraci),

e doménové ontologigdoménoveé specifické onto-
logie) — urCeny pro specifickou &nou oblast
(nejcaskjsi; nap. pro oblast sportu, hudby atd.),

e Ulohové ontologie (reprezentacni ontologi€i
metaontologig— zan®feny na procesy odvozo-
vani,

¢ aplikacni ontologie— adaptovany na konkrétni
aplikaci, (nejspecititéjsi; zpravidla zahrnuji do-
ménovou i Glohovo@gast).

‘ generické ontologie‘

doménové ontologiﬁl ‘ metaontologie

‘ aplikatni ontologie ‘

dritelnost a moznost jejich sdileni; pokud by kteroukoli Obrazek 2: Druhy ontologif a jejich vztahy z pohledu kon-

z téchto dvou vlastnosti postradaly, byly bgpmeé k ni-
¢emu. Ontologie je tedy gitym systémem zachyceni
reality, ktery je znovupouzitelny a je mozné ho sdilet.

3.1. Meta model ontologie

Pod timto pojmem si miiZeméqaistavit popisné a odvo-
zovaci schopnosti modelu. Jde o formalni definice toho
co ontologie mliZze obsahovat, co jsou uzly, co vazby
jaké typy vztahl fipousti, jak je mozné specifikovat
pravidla a funkce apod. Kazda ontologie ma svlij mo-
del, vice ontologii ale miZe byt vystno podle stej-
ného meta modelu.

ceptualizace

V dalSim textu se pod pojmem ontologie uvazuji
zejména aplikéni a doménové ontologie.

3.3. Jazyk ontologii

"Jedna se o jazyk, ktery se pouziva pro reprezentaci on-
' tologii. NeEasgji pouzivanymi jazyky jsou RDFS [I13]
a OWL [I1]. Jazyk ontologii pro sémanticky web se
sklada ze dvoigasti, logické a mimologické. Logicka
Cast se obvykle skladaaxiomupro definici tfid, viast-

nosti instanciatd. Prvky mimologické&asti jsou etSi-

3.2. Klasifikace ontologii

Ontologie Ize obechrozlovat podle rliznych kritérii.
Prvni z moznosti je rozit veSkeré ontologie do dvou
skupin,ontologie popsané formalnim jazykerontolo-
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nou vlastnosti, které se netykaji fuirkosti {méno au-
tora, datum vytvofenikomentareale i deklaraci jmen-
nych prostorli¢i import daldich ontolog)i Mimolo-
gickacast je uéena jiedevsim pro lidi, pestoZze mnoz-
stvi vySe uvedenych vlastnosti je strogapracovatelné
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(prikladem jsou jmenné prostory nebo import ontolo-
gii: ten mdize byt proveden bud pomodigéni logické
¢asti importované ontologie do logiclésti ontologie,
do niz importujeme, vytvidme tak jeden logicky popis,
nebo pouzitim jakéhosi prasdnika, kteryfeSi nestej-
norodost dvou ontologii).

3.4. Vyuziti ontologif

Agregace, integrace, unifikace
Jak jiz bylo zmi@no, Internet je prostoupen in-
formacemi ve vSemozné podd}struktuie a kva-
lité. Ontologie by mohly byt prostdkem pro-

Transformace ontologii

Miize byt dvojiho druhu:
e meziformatov& mezi jazyky pro zachyceni
ontologii RDF — OIL),

e sémanticka zmeéna vnitni struktury podle
jiného metamodelu nebo pro jiné pouZziti.

Vyvoj ontologii

Vyvojem ontologii myslime jejichidrzby dopl-
novani novych konceptislad'ovani se soucas-
nymi poznatky domém nebo o ontologiich.

pojeni a nasledné agregace takovych heterogen- Spojovani ontologii(Ontology Merging

nich zdrojli. Databaze, které obsahuji cenna data,
by mohly slouzit je® mnohem Iépe v integro-
vaném celku. Ontologie by se mohly stat jadrem
systému, prosedkem pro kompozici nezavislych
webovych sluzeb.

Snizeni redundance
Prestoze jiz mnohokrat vytfené, nashromaz-
déné, zpracované, ékené a porovnané informace
jsou znovu a znovu vytvany, shromazd'ovany,
zpracovavany, ..., zvysuje se jejich redundance,
kterd mlize vést az k nekonzistenci, kdyzZ si du-
plikovana data vzajen@nprotieCi. S pouzitim on-
tologii by mohla byt data misto duplikace sdilena,
a tak by redundance i nekonzistence mohla kles-
nout, mohla by byt Iépe kontrolovagauplineé eli-
minovana.

Znovupouziti
Konceptualizovana data je mnohem snazsi pouzit,
ato i vicekrat a riznymi zpUisoby.

4. Integrace ontologii

Existujici ontologie se hodi jako zdroje znalosti pro vy-
tvareni ontologii novych: ontologie mohou bytgva-
dény a sli¢ovany tak, aby k nim bylo moznéiptupovat
jako k jednomu @tSimu celku. Vysledkem je nova onto-
logie. Se systémy a daty integrovanymi pomoci ontolo-
gii se zvySi moznosti interoperability. Stasnym apli-

Vysledkem této operace je jedna nova ontologie,
ktera zahrnuje informace ze dva@uvice ontolo-
gii. Integrovana ontologie je jiz nezavisla na onto-
logiich plivodnich, které v podstahahradi.

Integrace ontologii(Ontology Alignment

Integrace ontologii ma vyznan¥fgdevsim tam,
kde se @ekava budouci rozvoj a tdrzba spojova-
nych ontologii.

Vice se zde zajimame o dvojice ontologii, které se
uritym zplisobemigkryvaji, a kdy spolu ékteré
jejich elementy viceti mére souviseji. Vysled-
kem integrace dvou ontologhi a B jsou stéle d&
ontologie (nové), ale s definovanymi spabgmi
misty a gesahujicimi vztahy, jak ukazuje obra-
zek 3. Snahou je, aby nesouvisejici elementy byly
ponechany stranou tak, aby nedoSlo k poruseni
struktury ontologii.

Obréazek 3: Graficky znazorgna integrace ontologii

kacim schazi fgdevsim moZznost budovat z nich kom-  zde je mozné rozliit dva typy situaci, jak odlisit dvojice
paktni celky a poskytovat spdlee realizovane sluzby  ontologif:

pro uzivatele. Slovo kompaktni v tomtdipac® nezna-
menda monolitické, ale spiSe poskladané z mnoha nezéa-
vislych komponent, které jsoufgkryty jednotici vrst-
vou.

Je poieba rozliSovat ékolik operacti Cinnosti, které je
mozné s ontologiemi provdt
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e kazdéa z ontologii popisugedliSnou doméns tyto

ontologie mohou byt spojeny do jedné "superon-
tologie" pfes spolénécasti, jsou-li takové, nebo
pres réjakou obec@jsi ontologii [6].

o 0ob2 ontologie popisujstejnou doménale zriiz-

nych ahll pohledu neborliznymi prostiedky-
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v tomto gipace musi byt provedensrovnani on-
tologii za (Celem vytvdeni gekryti odliSnosti on-
tologii.

Srovnanim ontologii (Ontology Matchiny se nazyva
proces nachazeni podobnosti mezéha zdrojovymi
ontologiemi. Vysledkem je specifikacédhto podob-
nosti, ktera slouzi jako vstup tzmapovani(viz nize).
Srovnani ontologii je &novana samostatiiast 5.Ma-
povani ontologii (Ontology Mappiny je deklarativni
specifikaci sémantickéhdgkryti mezi d¥ma ontologi-
emiO aO’. Shody mezi odliSnymi entitami jsou typicky
vyjadfeny pouZzitim axioml formulovanych v "mapo-
vacim" jazyce (jazyk k reprezentaci mapovani ontolo-
gif). Mapovani miiZze byjednosmérndspecifikuje, jak
termy z jedné ontologie mohou byt vyjéhy pouZzitim
term{l ontologie druhé&ji obousmérnéfunguje oéma
smery). Integrace ontologii specifikuje, jak spolu on-

(] Elektronika <—— Elektronika
{" Osobni_poitate<+—> PC
Procesory Zakladni_desky
Vyrobce Nazev
Typ PID
Cena Cena
(™ Prislusenstvi Kamery_a_foto
"I Foto_a_kame Prislusenstvi

Digitalni_kamery
Nazev

) Vyrobceg\
TJ1Typ
™ Cenaﬁ

Ekvivalence <«—»
Zobecreni
Disjunktnost

— >

Obrazek 4: Ukazka mozného srovnani dvou XML schémat

Obrazek 4 ukazuje mozné vztahy srovnani dvou XML

tologie souvisi v logickém smyslu. To znamena, Ze se Schémat. Od srovnani ontologii se vSak &kterych

plivodni ontologie nezémi, ale vzniknou dal$i axiomy
popisujici vztahy mezi jejich koncepty. Ponechani pu-
vodnich ontologii v nezéréné podob VétSinou zna-
mena, Ze lze zintegrovat ontologie pouzesténe, ne-
bot' hlavni odliSnosti by vedly k nutné dprawstupnich
ontologii. Integrace ontologii je tedy &itym zobec -
nim mapovani -vé ontologie mohou byt zintegrovany
pomoci mapovarn6].

4.1. Problémy @i integraci ontologii

Problémy mohou nastat v mnohdigadech. Teba

v tom, Ze tvlirci ontologii neuvazuji stéra vzajema si
leckdy neporozumi. Jedna ontologie muZeifiidad re-
prezentovatervenou barvu jakeztah druha jakohod-
notu Pfitom zvolena reprezentace je v ramci ontologie
vZdy spravnéapravdiva-— spravna je z definice, nebot
jde o definici. DalSi potize jsou rjazykové UrovniTo

mlize komplikovat proces automatické integrace, pro-

toze je slozité zjistit, zda jsou dva uzly (podivame-li se
na ontologii jako na grafstejné podobnénebozcela
odlisné[3].

5. Metody feSeni srovnani ontologii

Predpokladejme, Ze mame @wntologie, z nichz kazda
se sklada z mnozZiny entit (elementd, relat tvlast-
nosti atd.). Ty jsou v tomtoffpac® vstupem pro srov-
nani. Vystupem pak budou vztahgkyivalence sub-
sumpce neboli podlazeni,disjunktnostatd.). Pro zjed-
nodueni miizeme srovnani ontolodirgvnat ke srov-
nani XML schémat, jak ukazuje obrazek 4.
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aspektech odliSuje. Schématasto neposkytuji expli-
citni sémantiku pro sva data. Ontologie, jako logické
systémy, se omezuji na vyznam. Ontologické definice
jsou mnoziny (logickych) axiom{. Ontologie a schémata
maji ale i spoléné rysy. Oboje maji své slovniky pojm,
které popisuji oblast zajmu (doménu) a oboje zafove
vymezuji vyznaméchto pojmil. Nestejnorodost sché-
matci ontologii se redukuje ve dvou zéakladnich krocich:
1.vymezenfviz obrazek 4), 2zpracovan{transfor-
mace, spojeni, ...). Mame-li wontologie (schématé)
a0’, je srovnanim mezb a O’ mnozina odpovidajicich
si prvkd, trojic (e,e’,r), kdee € O ae’ € O ar je
vztah mezie ae’ (ekvivalencezobecnéniisjunktnosk
Na obrazku 5 je zobrazeno razéni metod pro srov-
nani na zakla@l schématu. Jednotlivé metody vyzaduji
alespa strieny popis:

e Metody zaloZzené naetézci— Pracuji s pedpo-
nami (resp. @ponami) slov, kdy jsou vstupem
dvaretézce a kontroluje se, zda priittzec za-
Cina (resp. koéi) druhymtetézcem. Nap: hotel
— hot Dale je mozné wovat pd@et stejnych N-
grami (p&et N-tic pismen, které maji dvatézce
spole&né)c¢i vzdalenost dvoliettzcll. Nap.: No-
kia versus Nka

e Metody zaloZzené na zpracovani prozeného
jazyka — Vyuzivaji analyzy pirozeného jazyka.
Tokenizacge rozceleni textu na jednotlivé slovni
tvary (tokeny). Nap: foto-aparat Lemmatizace
je analyza tokentd pro zj&hi vSech zakladnich

forem slov.Eliminaciodstranime "bezvyznamna
slova.

e Lingvistické prostfedky — Zabyvaji se vyzna-
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mem slov, na tomto principu fungujéeba Word-

Net. Nag.: A 3 B, neboliA je hypernymem nebo

holonymenB, konkrétré Evropad Recko

e Metody zaloZené na omezenich- Metoda srov-
nani datovych typl. Ndp integer C real nebo
datume [1.4.2007, 30.6.2007{ datuml[year =
2007].

e Znovupouziti alignmentu — Pofebujeme-li
provést srovnani schématu/ontologi a O a
jiz mame srovnani mezD a O’ a zarové O a
0", vyuzijeme ho.

e Metody zaloZzené na taxonomii— Na schéma-

ta/ontologie se divame jako na grafy obsahujici

termy a vztahy mezi nimi. Ndfklad pokud se
shoduji koncepty vyssi Groyrektualni koncepty
se podobaji

e Metody zaloZzené na grafu— Elementy dvou ne-
listovych schémat jsostrukturou podobnépo-
kud jsoumnoziny pfimych potomki podobmebo
pokud jsoupodobné jejich listové mnozinykdyz

mnoziny jejich fimych potomk{ nejsou. Jestlize

dva uzly dvou schémat/ontologioupodobnéje-
jich sourozenci mohou byt rovnéz podabni

e Metody zaloZené na modeld— Prevedeme srov-
nani grafu (stromu) narovnani mnoziny jeho

uzlll Vytvofime pary uzll, kteréspolu mohou
souviseta vztahy mezi nimi zapiSemayro-
kovymi formulemi Poté kontrolujemeplatnost
jednotlivych formuli. Nap.: (Elektronika <
Elektronika) A (Osobni_pocitat & PGC,) =
(Elektronika A Osobni_pocCitag< Elektronika
A PGy).

5.1. Navrh spojeni metod srovnani ontologif

Kazda z metod uvedenych v¥aulchoziCasti ma svoje
omezeni a svoji chybovost. Skit@ idealnimreSenim
by mohlo byt vyvinout nastroj, ktery by podle typu on-
tologie vyuzil vice metod srovnani najednou. Jednotli-
vym metodam by Slo davat vahy a metody by zarove
spolu mohli spolupracovat tak, aby jedna eliminovala
nedostatky druhé. Schéma takového néastroje je nazna-
¢eno na Obrazku 6. Srovnanim ontolo@ia O’ pomoci
metody lvznikne A;. Dale srovnanim ontolog® a O’
pomocimetody 2vznikne A,. V idealnim gFipack, po-
kud by byly metody dokonalé, byj; = A,. Tato situ-
ace je vSak malo praépodobna. V tomippadce se pro-
vede porovnanil; a A,. Tim zjistime odliSnosti a rozdil
obou vysledkll potom slouzi jako &ma vazba profjp
padnou Upravumetody 1a 2. Casti vysledku, které se
naprosto liSi by Slo potom ze srovnani Ughmynechat.
Této problematice bych se étt prliiléhu svého dalsiho
studia \enovat.

Zpétna vazba
Metoda 1 o
o' Aq
Porovnani Zhodnoceni
vysledkd odlisnosti
Metoda 2 o
0 f Az Zpétna vazba

Obréazek 6: Navrh schématu spojeni dvou metod srovnani ontologii
6. Zaver matni zdroje budou pro uZivatele plisobit kompad§tn
§im dojmem. Uspsdné integraci napomahéji doGiié
Ontologie mohou v mnohém vylepsit fungovani webu. miry v textu uvedené metody srovnani ontologii. Tyto
V nejjednodusim fpace se mize jednat napo pres- metody by ji mohli dale vylepSovat, ale jejich skateé
nost vyhledavani, kdy se vyhledd@velze zar&it jen sila by se mohla projevit, kdyz jejich jednotlivéeul-
na stranky odpovidajici danému konceptu (a nikoli dvoj- nosti spojime, pofpace vyuzijeme pro jejich Gpravu
znatnym nebo dokonce vicezérmym klicovym slo- poznatkd, veem se vysledky po srovnani ontologif lisf.
viim). Jejich integraci navic docilime toho, Ze infor-
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r Vrstva nespojistosti / vstupni interpretace
| |
! Na Urovni elementu Na Urovni struktury !
| |
| |
Lo Syntaktick¢ Externi Syntaktické ~ Externi ~ Sémantické

Zalozené || ZaloZené ||Lingvistické|| Zalozené || Opétovné || ZaloZené || Zalozené|| ZaloZzené || Skladis& Zalozené

naretézci na zprac. || prostedky na pouziti na logice na grafu na struktur na modelu
- Podobnost jmen| | Pfirozenéha | - Lexikony omezeni || alignmentu(| (vrchni - Srovnavani taxonomii || - Metadata - Vyrokové
) ;’:‘ﬂggnos‘ jazyka - Tezaury - Typ podobnosti | | - Kompletni uroven . . %g;?y - Taxonomické struktur - %i‘(gizgxgnnla
- Globalni jmenné| ! - Klitove chéma/ontologie| - ontologii) | | - Potomei struktury deskripeni
prostory - Tokenizace Vlastnosti - Fragmenty - Listy logice
- Lemmatizace - NapF. ontologie
- Morfologicka SUMO, DOLCE

analyza
- Eliminace

Lingvistické Interni

Terminologické Strukturni Sémantické

Obrazek 5: Klasifikace metod srovnani ontologii na zaldasthémat [7]
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Abstract

As experimental scientists strive to understand the inmakings of more and more complex systems, classi-
fication of the interactions between the components of systems is gaining much importance. Many biological,
geophysical and atmospheric processes can be analyzee frathework of nonlinear dynamical systems. An im-
portant subclass are oscillatory or quasi-oscillatorytesyss which can be coupled in various ways leading to a rich
spectrum of cooperative behavior. One of the most impotigrgs of such behaviors §ynchronizationMany forms
of synchronization have been discovered to date, among phese synchronization which occurrs in weakly coupled
oscillators. Up to now, instead of direct detection of phagechronization, much work has been devoted to quan-
tifying phase dependence from bivariate time series of agfadscillatory processes. In this paper we introduce a
selection of available methods for quantification of phasgethdence and describe the first detector of phase synchro-
nization from bivariate time series. The efficiency of thetinogl is demonstrated on a model system and the method
is compared with existing approaches to analysis of symikation.

1. Introduction is not a random effect but one that is brought about by
a connection between the two pendulum clocks — in
this case the very slight motion of the beam transferring

Inc_reasingly, comple_x biological, biochemical, meteoro- forces between the two clocks. He called this interaction
logical and geophysical systems have become the focus‘sympathy” and published these (and other) findings in

of intensive experimental and theoret_lcal research. Many the monograph Horologium Oscillatorium [7].
of these systems can be characterized as coupled ne-

tworks of nonlinear oscillators or quasi-oscillators. The The term synchronization has since come to represent
complexity of their behavior typically arises from non- 5 myltitude of phenomena and much effort has been
trivial interactions between more or less discrete compo- spent differentiating between its various forms. The sim-
nents. A higher level of understanding of the function of plest form is calledcomplete synchronizatioand is

the systems is facilitated by a more detailed analysis of foynd in coupled identical systems when both systems
the various types of behaviors induced by the coupling moye along coincident trajectories after reaching a ste-
between their components. ady state [5]Generalized synchronizatiaequires that

a smooth map exists between the trajectories of both os-
cillators [2]. More recentlyphase synchronizatioesul-

ting from weak coupling has been discovered as a form
of synchronization that occurrs even in oscillating sys-
tems exhibiting deterministic chaos [1, 20, 1Phaseis

an observable which efficiently describes the motion of
an oscillatory system: it indicates the current position of
the dynamical system on its limit cycle. It is an incre-
asing variable which grows by a fixed amount (usually

There is a variety of ways that two oscillatory systems
can be directly or indirectly coupled. Certain types of
coupling between two systems lead (under favorable
conditions) to a specific type of cooperative behavior ter-
med “synchronization”. Synchronization has been first
described in the 17th century by Christian Huygens and
who observed the phenomenon of mutual adjustment
of motions of two pendulums hanging from a common
beam. Performing further experiments he found that this
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27) for every completed cycle of the periodic motion. 2.1. Phase Extraction

Phase is generally not directly available and must be first-l-here are multiple ways of extracting phase, each of
obtained from an observable of the system by a processypch s suited to a particular situation. Instantaneous

called “phase extraction”. phase can be obtained from using the Hilbert transform
[12] or the Wavelet transform [11]. If the time series of
the observable is too noisy to obtain a reliable instan-
taneous phase signal, the marked-events method may
yield better results [25]. In the following, the phase time
series (obtained by one of the methods above) of the

Synchronization can occur in pairs of oscillators with si- coupled systems will be denoted and ¢,. It should
milar natural frequencies which then lock at a 1:1 ratio. € noted that the extraction methods usually provide
Itis also possible that a pair of systems sychronizes at di-& “Wrapped” phase time series which is confined to the
fferent ratios, for example a parent walking with a child - interval (0, 27) but synchronization methods may work
alongside may make one large step while the child ma- With an “unwrapped” definition, wherér is added to
kes two smaller steps, every second step of the childthe phase after a cycle is completed to produce an in-
aligning with the large step of the parent. Such a system €réasing phase. In the following experiments it will be
synchronizes at a ratio 2:1. In general, synchronization specified which methods work with which definition of
at ratios different from 1:1 is calletligher order syn- ~ Phase.

chronizationand the ratio of frequencies at which the

systems synchronize is termed beking ratio. 2.2. Synchronization indices

. . . . . Because of the variety of synchronization phenomena,
In experimental practice, the only information available different synchronization analysis methods have been
about the investigated systems are the recorded time Se'proposed a comparison and overview of methods for
ries. In this case it is necessary to apply methods deve'analyzing’phase synchronization is in [10]. These me-

Iopded " tfhe .]E:orr]]text of non-hnee;]r time series aICJa|]¥SIS thods however usually estimate a “degree of synchro-
and to Infer If the systems synchronize or not. Untor- nization”, which should more aptly be called the “de-

tunately without additional knowledge or the option to gree of phase dependence” and their result is typically

m_;[jerac_'f[r\]/wth ;ch_e tgl\_/fetn syste{ns, Itis noht pogabfttg df' a normalized synchronization index. It has however pro-
cide with certainty I two systems synchronize. €SL " Ven difficult to make a decision as to whether two sys-

either an index chargctenzmg the_strength of phage Ole'tems are synchronized based on the values of such in-
pendence can be estimated or an inference regarding th%lices We propose a new approach to the problem of
s¥nphr$_n|zat|on state can be made with a desired Ieveldetecting phase synchronization by constructing method
ot significance. which provides a decision whether two systems are syn-

chronized with a pre-selected level of statistical signifi-
nce.

Experimentally, synchronization has been found for
example in the human cardiorespiratory system [4, 21],
in the Solar system [17], in meteorological systems [16]
or in neural signals [15, 22].

The rest of this paper is organized as follows: the next
section deals with two frequently used methods of com- ca
puting a “synchronization index” and describes the pro-
posed synchronization detector; the following section
details experiments testing the methods and comment
on the results and the paper closes with a brief discus
sion and a conclusion.

In this section we first describe two frequently used me-
thods in quantifying phase synchronization in systems
“of coupled non-linear oscillators: mean phase coherence
“and mutual information. In the rest of the section the
new phase synchronization detection method is introdu-
ced.

2.2.1 Mean Phase Coherence: The mean

2. Methods phase coherence (MPC) [6] is defined as
In this section the sequence of steps required for pro- 1 Y iA
cessing time series of the original observable to obtain R= ‘N Z 2D =1 -V, (1)

a result indicating the synchronization state is described i=1

First, phase must be extracted from the time series. The

phase is then used as input into the actual synchroni-whereA¢(j) = n¢1(j) — meo=2(j) is the difference of
zation analysis methods which supply the final result: the “unwrapped” phases scaled by the locking ratia
either a computed index or a decision. andCV denotes the circular variance [13], a well-known
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measure of point spread in circular statistics. For the purpose of evaluation, mutual information can
be normalized bynin{H (®,), H(®2)} yielding an in-
The ratiom:n should be set to the expected phase syn- dex of phase dependence in the interiall). The va-
chronization ratio. The function lue of 0 indicates that the random variablés, ®, are
N ; . independent and the value bindicates that a functio-
Ad(j) = ne1(5) — me2(4) nal relationship exists between the variables. In general
is important and describes the evolution of the difference a stronger connection between the PDFs of the processes
of the scaled phases. If the systems are synchronizedwill produce a higher value of MI.
this function should be constant (assuming there is no
noise induced into the system). The mean of the deri- Use of mutual information requires an effective tool
vative of the continuous version of the functidns(;) to estimate the marginal PDF of each stochastic varia-
denotes the scaled relative phase velocity of the two sys-ble and also the joint PDF. This is currently the most
tems. If the systems are synchronized, this should bechallenging problem in applying information-theoretic

exactly0 indicating thatn cycles of the second systems functionals to time series analysis. An effective PDF
correspond ta cycles of the first system. estimator must capture the salient features of the PDF

while being as resistant to noise as possible. There are
The resultR is a synchronization index with values in  many ways of estimating the PDF, a comprehensive re-
the interval(0, 1). The value of) indicates independent view is in [23].

phases whilel indicates completely synchronous mo-
tion. As an alternative to using (2), mutual information can be

directly estimated from some statistics of the data. This
The MPC quantifies the “spread” of the phase differen- is the approach used in this paper. One of the most pro-
ces. If all of phase differences are tightly coupled toge- mising estimators of mutual information, the Kraskov-
ther for a given time series, the value of MPC will be Grassberger-Stogbauer method [9] of estimating mutual
high. If, on the other hand, the phase differences exhi- information from nearest neighbor distances is applied.
bit high fluctuations, the value of MPC will be low. This The work is based on earlier efforts of Kozachenko and
can be seen from the relationship between MPC and theLeonenko [8] on asymptotically unbiased estimators of
circular variance CV [13]., entropy.

2.2.2 Mutual Information: Mutual infor- 2.3. Bootstrap Synchronization Detection
mation [24] characterizes the statistical dependence ofT
random variables. The phase time series are mterpreteq
as realizations of an ergodic stochastic process. Under,
this assumption, the probability density function (PDF)
of the variables can be estimated from a single reali-
zation. Using®,, @, to denote the stochastic processes

he above methods do not use any mathematical defini-
ion of synchronization as a basis for detecting the pre-
'sence of synchronization. Rather they provide an index
related to the mutual dependence of the phases of the
systems. On the other hand, the method proposed in this
section is based on a mathematical definition of phase

we can write synchronization. There are currently two widely accep-
ted definitions of phase synchronization which respect
the possible influence of noise on the systems and are
I[(By;®s) = // (D1, D) log (gil);’ ‘(I’(;i) therefore practically applicable:
Imen (t) —nga(t)| = [Ad(t)] <6, ©)
= H(®1)+ H(P2) — H(Pq, D2).
(2) which allows the phase time series to fluctuate slightly.

This allows a pair of synchronized systems to be labeled
If the two systems are uncoupled and behave indepen-as such even in the presence of some noise. This con-
dently, the mutual information (MI) of the two variables  dition states that the phase difference between the two
should be close t0. In practice, however, contamination  time series is bounded. This is a theoretically sound de-
by noise and insufficient data to estimate the PDF relia- finition but unfortunately it cannot be tested on time se-
bly cause the value of Ml to fluctuate. A systematic error ries of finite length as every such time series satisfies (3)
is also introduced by similarities in the dynamics of the for § = sup{|A¢|}. The other, slightly weaker condi-

two systems as MI quantifies not only dependencies intion, states that two systems are phase synchronized if
the variables resulting from coupling between the sys- their mean phase velocities are equal

tems but also dependencies resulting from common dy- . .
namics. m(d1) = n{pa), 4
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where(...) denotes the time average. In the following, of errors of the original fit (6) and that of the errors of the
we show that this condition can be tested on a finite time horizontal line fit. If there is no real gradient in the time
series. First, it is necessary to prove that if the mean seriesA¢(i) then the value of. is the result of random
frequencies are not equal (systems are not synchroni-fluctuations and the distributions of the errors of both of
zed) then the phase difference time series has a non-zerthe fits should be theame If on the other hand there
gradient and vice-versa. Henceforth we will work with is a trend in the time series and the valuexa#xplains
sampled time series. This will be indicated by the use of part of the variance of the errors than the distributions
the variable to index the time serieg, , ¢ andA¢. We will be different. There is a standard test that determi-

note that the condition (4) can be rewritten as nes if two samples are drawn from the same distribution
) — the Kolmogorov-Smirnov test [14]. The test is a stan-
(A¢) =0, (5) dard hypothesis test with the null hypothesis being that

the samples are drawn from the same distribution. This
means that the proposed synchronization detector assu-

Using least squares linear regression we may write : .
9 q 9 y mes that the processes are synchronized and tries to re-

AS() — at(i) + b , 6 ject this assumption using evidence from the data. This
#(i) = at(i) +b+ (i) © is a completely new approach to detecting synchronized
wherea andb are chosen to minimizg? = 3" €(i)? states.

[3]. As a corollary to this we have that meafi) is zero.
Subtracting the equation fdx¢ () from the equation for
A¢(i 4+ 1) and rearranging gives

As described above, the method requires a high volume
of data, on the order of hundreds or thousands of cycles
to reliably differentiate between synchronized and un-
Ap(i +1) — A(i) e(i+1) —e(d) synchronized states. This is because of long correlations
i+ 1) —t() =a m (7) in the time series which cause the appearance of spuri-
ous gradients in short time series. We use a simple solu-
Averaging over all samples (assuming equidistant sam-tion which breaks these long correlations if there is no

pling) we obtain gradient but preserves the autocorrelation of the signal
if there is a significant trend: time indices are sorted by

(Ad(i+1) - Ad(0) _ (8  themagnitude of the associated phase difference values.
At ’ This step leads to a significant reduction in the frequency

of false negatives and improves the efficiency of the me-
thod greatly. As it will be shown in the next section, time
series only tens of periods long are now necessary for
reliable detection even for higher locking ratios, such as
those occurring in the cardiorespiratory system.

whereAt = t(i + 1) — t(7). If we sampled with infinite
density we would be able to take the limit — 0 to
arrive at

(M) =a 9)

We note that the above shows that no matter what the

actual evolution of the phase difference is, a linear trend

will be present if the systems are unsynchronized. The 3. Experiments

phase locking condition (4) can thus be restated as

0. In real time series, noise and fluctuations will inva- Numerical tests on model systems are a prerequisite to

riably cause the value af to be slightly different from  the application of any method to experimental data. Ex-

zero. The question is whether the gradieris signifi- perimental data suffer from a number of problems which

cantly non-zero. In this way, the problem of detecting make the task of synchronization detection (indeed of

synchronization has been transformed into the problemany type of interaction analysis) difficult. The main pro-

of estimating the significance of a gradient in the phase blem is generally stationarity: the methods require as

difference time series. much data as possible to provide reasonable estimates,
on the other hand using time series that are too long may

In general it is not possible to assume thatill have  violate the assumption of stationarity of the system. Ex-

any particular distribution. This fact makes the con- perimentaltime series are burdened with noise signals of

struction of a direct statistical test of the valuexofery multiple origins (measurement, thermal, quantization).
difficult. In this work we propose not to test the value of

a directly but to estimate its significance in an indirect Testing on model systems under many different condi-
fashion. This requires that a least-squares fit of a hori- tions does not ensure that the method will work well in
zontal lineA¢(i) = ¢ + n(¢) is performed, where again  practice but succesfull tests under a wide range of con-
cis chosen to minimizg? = >". n(i)2. In this case: is ditions indicate that the method should work well. Such
simply the mean of\¢(¢). We now compare the sample tests also show how the effectivity of the method chan-
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ges with respect to different parameters. with the results of the introduced synchronization ana-
lysis algorithms. The DPV is “normalized” by dividing

In this work we investigate the problem of detecting all of its values by the value attained with non-existent

higher-order synchronization at the ratio of frequencies coupling, this was done so that the shape of the DPV

1:4. The ratio has been carefully selected to match thewas clearly seen in the figure. The standard deviation of

frequency ratio of the heart-beat period to the breathing the inserted uncorrelated Gaussian noise was $et o
cycle period. The problem of detecting synchronization

in the cardiorespiratory system has been examined byThe synchronization transition region is approximately

some authors, e.g. [4]. at the coupling strength.23 and is indicated by the
phase difference velocity rapidly approaching

3.1. Phase synchronization in noisy systems

The simplest possible nonlinear oscillator is thiease 3.2. Amold tongues in phase oscillators

oscillator. A linearly coupled pair of symmetrically The second test is a reconstruction of one of the “Ar-

coupled phase oscillators is described by the differential nold tongues” for the system of coupled phase oscilla-

equations tors. The Arnold tongue refers to the region of synchro-
nization of the coupled model system in the parameter
space. We investigate coupled phase oscillator model

¢1 = w1+ bcos(dr) + esin(mas —nor) +1m (10), where the frequencies - are set to
¢2 = w2+ bCOS(¢2) +e€ sin(ngbl - m¢2) + 2,
(10)
wi = 1+Af 11
wherew; > represent the natural frequencies of the sys- wy = 4—Af (11)

tems, b is the coefficient of the nonlinear term,re-
presents the strength of coupling and, are uncorre-
lated Gaussian noise terms. In this paper we show the
synchronization results for a pair of oscillators with the
frequency ratio approximately 1:4. When the systems

whereA f is the frequency mismatch. The standard de-
viation of the inserted Gaussian uncorrelated noise was
set t00.02. The coupling strengthspanned the interval
(0,0.5), and the frequency mismatch was varied in the

synchronize, the definition (4) should hold. interval (—0.2,0.2)
e Fig. 2 shows the difference in scaled phase velocities
T e vt (DPV) adjusted for the locking ratio 1:4. In the synchro-
-t nized region,this difference should Bendicating that
T o ] there are exactly four cycles of the faster system for one

cycle of the slower system, the shape of the region re-
sembles a tongue, hence the name of the region. In the
figure, there are other flat regions with nonzero DPV.
These regions correspond to synchronizatiordiffie-

rent ratios than 1:4. A synchronization analysis algori-
thm with adequate specificity should not be sensitive to
the parameter combinations inside these regions.

0.6

0.4 -

Normalized values [-]

02+

o o1 oz o3  os o5 s o s e InFig. 3 it can be clearly seen that the Bootstrap syn-

Coupling strendth F1 chronization detector is able to identify the region of 1:4
synchronization clearly. The interface between the syn-
chronized and unsynchronized regions is sharply defi-
ned indicating that the detector is sensitive even near the
transition between regions.

Figure 1: Comparison of synchronization analysis algo-
rithms. Circles denote the DPV, pluses denote the
detection rate of the bootstrap synchronization de-

tector, crosses indicates the normalized mutual in- Fi 4 d 5 sh h th | fth hroni
formation estimated usingNN and full squares Igs. 4 an show how the value of the synchroni-

denote the mean phase coherence. Time series len-2ation indices varies with the frequency mismatch and

gth is 2048 data points with aboug0 points per ~ coupling strength. It can be discerned that the highest

period of the faster system«(18 periods). values of the indices are in the synchronization region.
However, we note that the values are not constant inside

In Fig. 1 we plot the functiomnqbl — m¢22>, here called  the region, thus rendering eventual thresholding more
the difference of scaled phase velocities (DPV) together difficult and that there are non-zero values outside the
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synchronization region. These correspond to the other
(secondary) plateaus in Fig. 2. Because the methods
are sensitive to synchronization outside the pre-selected
ratio, there is a danger of incorrectly accepting states
synchronized at different ratios as states synchronized

at the given ratio.

To the best of our knowledge there is currently no pro-
cedure which would reliably compute a threshold discri-

minating between the synchronized and unsynchronized

states for either of the indices (MPC and MI) based on
a single bivariate time-series.
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Figure 2: Difference of scaled phase velocities (DPV) plot-
ted as a function of the frequency mismatch and of
the coupling strength. The synchronization region
is clearly seen as a plateau where the value of DPV
is 0.
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Figure 3: Detection rates of the bootstrap synchronization
detector in percent. Comparing this image with
Fig. 2, itis clearly seen that the region of synchro-
nization is detected with excellent precision.
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Figure 4: The values of the mean phase coherence. MPC
shows the highest values in the synchronization re-
gion, however non-zero values are also outside the
region and the value of the MPC indéX varies
widely even inside the synchronization region.

Frequency shift [

Figure 5: The values of mutual information estimated using
the kNN method. The value of MI clearly attains
its highest values in the synchronization region but
also shows non-zero values outside the 1:4 syn-
chronization region. The estimate is more stable
inside the synchronization region than the MPC es-
timate, cf. Fig. 4.

4. Discussion

Phase synchronization is in general difficult to detect so-
lely using information contained in the time series of ob-
servables. The main problem is that synchronization is
aprocesd18] that manifests itself in the time series and
causes phase locking. However detecting phase locking
in a time series does not automatically imply that the two
systems are synchronized. A simple example is of two
identical oscillators with the same initial conditions and
no coupling. Without the influence of noise, the two sys-
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tems will evolve along coincident trajectories and from [2] V. S. Afraimovich, N. N. Verichev and M. |. Rabi-
the time series they would appear to be perfectly locked. novich. Izvestiya Vysshikh Uchebnykh Zavedenii
The problem of detecting phase synchronization from Radiofizika29:1050-1060, 1986

time-series therefore remains a problem of a statistical 3]

P. R. Bevington. Data Reduction and Error Ana-
nature.

lysis for the Physical Sciences. McGraw Hill,

: . . . 1969.

The influence of noise on the quality of detection is two-

fold. A small amount of noise may break static correlati- [4] M. L. BraCic and A. Stefanovska.Physica A
ons (resulting from common dynamics) such as those 283:451-461, 2000.

described in the last paragraph. A large amount of no- [5] H. Fujisaka and T. Yamad#®rogr. Theoret. Phys.
ise may prevent synchronization alltogether or cause di- 69:32-47, 1983.

fficulties in detection of synchronization. A pervasive .
type of problem is CaIIeOhase Slippingphase sllpplng [6] M. Hoke, K. Lehnertz, C. Pantev and B. Litke-

occurs when sufficiently strong noise perturbs the the nhoner, In: E. Basar, T.H. Bullock (Eds.), Series
states of the two systems so that one of the systems lo- 1" Brain Dynamics, Vol. 2, Springer, Berlin, 1989.
ses a cycle and “slips” behind. A unified approach to [7] C. Huygens. Horologium Oscillatorium, Paris,
treating phase slips is not agreed upon at present. In 1673.

this work we have not investigated the problem of phase [8] L. F. Kozachenko and N. N. Leonenk®roblems
slips, suffice it to note that phase slips adversely affect P - '

o i ! of information transmissiar23(2):9-16, 1987.
all synchronization analysis methods. The problem is
discussed in [26]. [9] A. Kraskov, H. Stoegbauer, and P. Grassberger.

Physical Review 59, 2004.

[10] T. Kreuz, F. Mormann, R. G. Andrzejak, A. Kras-
5. Conclusion kov, K. Lehnertz and P. GrassbergePhys. D
225:29-42, 2007.
In this worl_< the noti_on of phase synchronizatipn be- [11] J-P. Lachaux, E. Rodriguez, J. Martinerie and F. J.
tween nonlinear oscillatory systems has been introdu- Varela, Human Brain Mapping194—208, 1999
ced. Frequently used methods to “detect” synchroni- ' ' '
zation have been introduced and their drawbacks have[12] M. Le Van Quyen, J. Foucher, J-P. Lachaux, E. Ro-

been described. Subsequently a new synchronizationde- ~ driguez, A. Lutz, J. Martinerie, and F. J. Va-
tection method — the Bootstrap synchronization detec- rela. Journal of Neuroscience Methqdk11:83—
tor, has been introduced. Numerical experiments similar 98, 2001.

in nature to the problem of detecting synchronizationin [13] K. V. Mardia. Probability and Mathematical Sta-

the cardiorespiratory system have been performed. The  tistics: Statistics of Directional Data. Academic
effectiveness of the proposed method has been demon-  press, London, 1972.

strated and compared to existing approaches. The me- . .

thod will be applied in analysis of cardiorespiratory and [14] R. von Mises. Academic Press, New Yvork, 1964.

neural data within the project BRACCIA. [15] M. Palus, V. Koméarek, Z. HiEif, and K. Sérbova.
Phys. Rev. Fpage 046211, 2001.

[16] Palus M., Novotna D. Nonlin. Proc. Geophys
13(3):287-296, 2006.
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