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Abstract

The classical notion of relative interpretation (also knoas direct syntactic model) is adapted for
multi-sorted first-order fuzzy logics. The level of gendsais chosen to suit the needs of its applications
in Fuzzy Class Theory.

In formal logic, relative interpretations are a powerfubkdhat can be used not only for the proofs of
relative consistency, but also for direct syntactic cangions of notions of one theory in another. Here
we adapt the notion for fuzzy logic and show the analogs of dagsical metatheorems. These results
allow using relative interpretations of fuzzy theories ssentially the same way they are used in classical
metamathematics.

Relative interpretations can be defined at varying levelgenferality, the price for greater generality being
more preconditions in theorems on invariance under anprag¢aition. The level of generality chosen here
follows the needs of the papél [3]. For relative interprietas seel[9]; we follow and slightly generalize the
exposition given in[[8].

Multi-sorted first-order fuzzy logic with subsumption ofrsohas been introduced ihl [1] for the logidk
[6} [4]. 1t is nevertheless obvious that the definitions andofs of [1] work over any fuzzy logic that
axiomatically expands MTL or MTIA [5]. In what follows, by “fuzzy logic” we shall therefore mea
any logic that in this sense contains MTL; we shall only reguhat all of its propositional connectives
be extensional w.r.t. provable equivalence (otherwiseesofrthe metatheorems below could fail). Crisp
identity is assumed in the first-order fuzzy logic under ¢desation; in models it is always realized as the
identity of elements and it can be axiomatized e.g. by theragiof reflexivityx = = and intersubstitutivity
salva veritater = y — (p(z) < ¢(y)) for any formulap (for details seel]1]).

Besides the theorems of first-order MTL that are listedin\\sd shall need a few more (meta)lemmata. The
following lemma shows that it is possible to bind only someuwences of a term in the existentialization
of a formula:

Lemmal Let p(z,y) be a formula and a term substitutable for bothr andy in ¢. Thenp(t,t) —
(Fz)p(z, t).

Proof: Directly by existentialization ot in . QED
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Libor Bé€hounek Relative interpretations over first-orfieazy logic

Lemma 2 For an arbitrary term¢ substitutable for: in p(z) it is provable that

p(t) < (Vo) =t— ¢()) (1)
p(t) < (Gz)(z=t&p(r)) (2)

Proof: () Left to right: from the identity axionp(¢t) — (z =t — ¢(z)) by generalization om: and
shifting the quantifier. Right to left: by specificationoto ¢.

@) Left to right: ¢(¢) impliest = t & ¢(t), which by LemmdlL implie$3z)(x = t & ¢(z)). Right to
left: from the identity axiom: = ¢ & ¢(x) — ¢(¢) by generalization om and shifting the quantifier to the
antecedent. QED

Corollary 3 Any formula is equivalent to a formula in which logical fuiocts are applied only to variables
and occur only in atomic subformulae of the fogra= F'(z1, ..., xx).

Proof: Using LemmdR, inductively decompose nested testhsby ¢(s(t)) < (3z)(z =t & (s(x)))
and finally byp(F(z1,...,z1)) < Gy)(y = F(x1,...,2r) & ¢(y)) forall F. QED

Recall from [1] that the language of a multi-sorted firstaréuzzy logic is a quintupléS, <, P, F, A),
whereS is a non-empty set of sortsg is a partial ordering o8 indicating the subsumption of sort®,
andF are disjoint sets of predicate resp. function symbols, Anid an arity function that assigns a finite
sequence of sorts to each elemenPaf F (the sequence must be non-empty for elemenB)off P ¢ P

andA(P) = (s1,...,8%), thenP(ty,...,t;) is a well-formed atomic formula iff the term is of sorts;
foralli=1,...,k If A(F) = (s1,..., Sk, Sk+1), thenF(t1, ..., tx) is a well-formed term, of sorij 1,
iff the term¢; is of sorts; forall i = 1,..., k. For more details on multi-sorted first-order fuzzy logiegs
[T §2.2].

Definition 4 (Interpretation of a language) Let L, = (S,<,P,F,A) andL' = (S', =<', P, F/ | A’) be
two multi-sorted first-order languages. Anterpretation of the languagk in the languagd.’ is a
(metamathematical) mappingwhich assigns to each sost € S a function symboF} € F’ of arity
A'(FF) = (s4,s*) for somes,, s* € S’, to each predicate symbét € P a predicate symbaP* € P/,
and to each function symbél € F a function symboF* € F’, and which satisfies the following condi-
tions:

e Forall s,r € S,if s <rthens* <r*.
e Forall P € P,if A(P) = (s1,...,s,)andA’(P*) = (r1,...,71,) thensy <r;foralli =1,... k.
e Forall F € F, if A(F) = (s1,...,8k+1) and A'(F*) = (r1,...,7k+1), thensy =< r; for all

i=1,...,kandryy, = Sk

An interpretationx of L in L’ extends by metamathematical induction on the complexitgrofs and
formulae of L to a mapping (also denoted By which assigns to each tertrof L a term¢* of L’ and to
each formulay of L a formulay* of L’ as follows:

Thei-th variablez; of each sorts in L is assigned the terri} (z;*) of sorts*, wherez;* is thei-th
variable of sorts,.

EachtermF(ti,...,t;) of L is assigned the term™(¢7, ..., t}).
e EachformulaP(ty,...,t;) of L is assigned the formul®&* (3, ..., t}).

e Each formular = y of L is assigned the formula* = y*.
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e For all k-ary propositional connectivas each formulac(p, . . ., i) of L is assigned the formula
C(SDT) ceey 302)
e Each formula(va*®)p resp.(3x°)p of L is assigned the formulgrzs+)o* resp.(Jzs+)p*.

Remark 5 Notice that we allow reinterpretingariablesof sort s by functionsfrom s, to s*. This is
necessitated by the applicationslih [3], where we need &pnet variables by functional terms (e.g., when
identifying = with the pair(z, 0)). A straightforward interpretation of a sortby another sort is covered
by this definition, taking the identity function on sertfor F ands* = s, = 7.

Remark 6 In Definition[4, the logical symbols (except for variablesg deft unaffected by the transla-
tion x. The notion of interpretation can be defined more generalintlude also the specification of the
translations of(Vx)p]*, [(3x)¢]*, (x = y)*, and[c(p1, . . ., @x)]* for each propositional connective In
Definition[d we would then require the provability of the imeeted logical axioms and rules.

Notice that in the latter case, the background logic of therpreted language or theory may be allowed
to differ from the background logic of the original languametheory. For empty theories, we then get an
interpretation of one logic in another. An example of suaidkis the interpretation of the logleC(x) of a
particular tI-representable t-normin LII, which takes— of PC(x) to — of LII, & of PC(x) to & of
LII, etc. By a recent result (oral presentation by Marchioni Blwhtagna at IPMU’06), the interpretation
is faithful, i.e.,PC(x) F o iff LTI F ., for any formulay of PC(x). Another example of this kind are
Godel-style interpretations, e.g., the-interpretation of classical logic in SMTL (or stronger) thie A-
interpretation of classical logic in MTA (or stronger). (Notice that Godel-style interpretatioaquire a
further generalization of the rule for the interpretatidmtomic formulae.) In this paper, however, we shall
only use interpretations which leave the logical symbolsohite, and thus do not change the underlying
logic.

Definition 7 (Absolute and invariant notions) Let x be an interpretation of the languade in the lan-
guageL’ and letT' be a theory in the languagk’. Let¢(x1,...,x;) be a formula ofL and let all
non-logical symbols ofy belong toL’ as well. Then the formula is called absolute(in the theoryT'
w.r.t. the interpretationx) iff TV - (7, ..., x}) < ¢*. Similarly, a predicate” or a functor F' is called
absolute, if the formuld(x1, . .., xx) resp.y = F(x1,...,xz) is absolute.

Let furthermorel’ contain the sorts of all variables that occur gn Then we will cally invariant(in the
theoryT’ w.r.t. the interpretation) iff T/ + ¢ < ¢*. A predicateP or a functorF is called invariant, if

the formulaP(zq, ..., xx) resp.y = F(x1,...,xx) is invariant.
Observation 8 If ¢ is both absolute and invariant w.rk in T/, thenT’ + o(z},...,2}) < ¢(x1,

Definition 9 (Interpretation of a theory) Let T be a theory in the languagk and TV a theory in the
languageL’. An interpretationx of L in L’ is called aninterpretation of the theor¥ in the theoryT” iff
T’ + ¢* for each formulap which is a logical axiom of identity or an axiom of the the@ry

The requirement in Definitio 9 that the interpreted idgraixioms be provable is automatically satisfied if
all functionsF£ together are injective:

Lemma 10 Letx be an interpretation of the languadein the languagd.’ and letT’ be a theory in the
languagel. If T/ + F¥(x%) = FF(y'*) — 2% =y~ for all sorts s, ¢ in L, then the interpreted axioms
of identity are provable ifl”.

Proof: The axiom of reflexivityr = z translates intac* = z*, which is an instance of the reflexivity
axiom of identity in'T’. The intersubstitutivity axiom: = y — [p(x) < ¢(y)] translates into the formula
of the form

Fi(a™) = F(y"™) — [(@™) < v(y"™)]
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which is provable inT’ by the assumption of the lemma and the instance/farf the intersubstitutivity
axiom of T". QED

The usual theorems on interpretations known from clasgigat remain valid for interpretations over fuzzy
logics as well. The following theorems give examples of siadults.

Observation 11 A composition of two interpretations (between languagebeories) is an interpretation
(between languages or theories, respectively).

Since the composition is obviously associative and thetid@nmapping is always an interpretation of a
theory in itself, the languages or theories over a fuzzyddgirm a category just like in classical logic,
allowing categorial constructions on fuzzy theories.

Theorem 12 Let x be an interpretation of the theof¥ in the theoryI’. Then for any formula in the
language ofT, if T F ¢ thenT’ F *.

Proof: By induction on the proof of: by the requirement of Definitidd 9, the interpreted axiorhT'aand
those of identity are provable 1R’, and all other logical axioms and rules are translated bgain into the
instances of logical axioms and rules (observe that the ténisisubstitutable for*- iff ¢ is substitutable
for z*). QED

Definition 13 (Faithful interpretations) The interpretationk of the theoryT in the theoryT' is faithful
iff for all formulae p in the language ofT it holds thatT + ¢ iff T/ - ¢*.

A faithful interpretationk of T in itself such thatp** = ¢ is called aduality.

Example 14 (Identical interpretation) If the theoryT’ in the languagel’ extends the theor{ in the
languageL, then the identical interpretation dt in L’ (i.e.,z* = z, P* = P, andF* = F for all sorts
and symbols) interpret® in T'. The interpretation is faithful iffT’ extendsT' conservatively.

The following lemma gives a method how to prove the faithéssof an interpretation in some cases.

Lemma 15 Letx interpretT in its extensiofl” and lets, = s for all sorts inT. Let furthermore

T+ PYEL(a}),... Fr(a) < P(ay, ... zp*) (3)
T = FI(y") = FY(F; (a5, FL (23) < y° = F@af', ... 23f) (4)

for all function symbold”’ and predicate symbolB in the language ofT' (including the identity predicate).

ThenT’ + ¢* < ¢ for all formulae ¢ in the language ofT (i.e., all notions in the language df’ are
invariant underx).

If furthermoreT’ extend<T conservatively, ther is faithful.

Proof: The first claim is proved straightforwardly by induction dmetsubformulae ofs. By @), (@)
and Corollany[B we can assume thBt - * < 1 holds for all atomic subformulag in ¢. Proposi-
tional combinations preserve the propeity - ¢* « 1), since our definition of interpretation leaves all
propositional connectives absolute and in the logics umdesideration all connectives are extensional
w.r.t. provable equivalence. Faf = (Vz®)y, sinces, = s, its translationy* is (Vx®)x*, and thus
T + (Va®)x* < (Vz*)x follows from the induction hypothesi® + x* < x by the rules of MTL
(similarly for 3).

The claim of faithfulness under conservativitfE’ - ¢* « ¢ entails ' + ¢* iff T/ F ¢), and by
conservativityT” I ¢ iff T F ¢; thusT’ F o~ iff T F . QED
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Libor Bé€hounek Relative interpretations over first-orfieazy logic

Remark 16 Definition[ requires that all sorts and symbols occurrinthia definitions ofc*, P*, andF™*

be present in the languadg. Following the usual mathematical practice, we shall nstidguish between
a theory and its extensions by conservative definitions. sThe shall allow givingz*, P*, and F'* by
the defining formulae or terms for the needed predicatestéus, and sorts, provided the definitions are
conservative.

For the conservative introduction of predicate and funcgmbols se€[7]: the definition of a predicate

symbol by an axiomP(z1,...,2x) < ¢(x1,...,2) IS conservative and eliminable for any formyta
while the introduction of a function symbdf(x1, ..., zx) by an axiomy(xy, ..., zk, F(21,...,2x)) iS
conservative on condition th&8z 1) (21, . . ., 2k, Tk+1) iS provable in the theory; the definition is elim-

inable if the uniqueness of suah.; is provable in the theory. (In multi-sorted languages, theiaus
conditions on the sorts of the arguments must be ensured.)

For the definition of sorts, itis easy (but tedious) to chénalt & sors subsumed in a sottcan be introduced
by an axiom(3z*) (2! = z°) < ('), which is conservative if the theory proves tlfat")p(«") and that

p is crisp; if it is further required thats < s’ for any sorts’, the conservativity is ensured if the theory
further provesp(z!) — (3 ) (! = 2%').

The apparatus of relative interpretations is widely aggiie in all sorts of formal fuzzy theories. Since
Fuzzy Class Theory FCT dfl[1] is proposed i [2] as a foundetidheory for fuzzy mathematics, relative
interpretations of various fragments of FCT in itself aresp&cial importance. In Examdlel17 | give an
incomplete list of such interpretations (the details wil diven in a separate paper). Some of them (e.g.,
the upper shift or the relativization) prove important (eveoften intuitively obvious) metamathematical
properties of FCT, while others codify constructions whéither obviate some of the syntactic restrictions
of FCT (e.qg., the singleton shift), or can be useful in vasiareas of fuzzy mathematics formalized in FCT
(e.g., the % {0}" interpretation, employed iri [3]).

Example 17 The following constructions are important interpretatsoof FCT (or some of its fragments)
in FCT:

¢ Identical interpretationsPropositional fuzzy logic, classical theory of the idgntiff individuals,
the classical theory of identity of tuples, the theory offuzlasses, the theory of fuzzy relations,
and monadic Henkin-style higher-order fuzzy logic are elgfments of FCT given by a suitable
restriction of the language (admitting only some sorts afalzles). It can be shown that they can be
axiomatized by the axioms &ICT restricted to the same language with an additional axiontirsta
that the sorts for tuples do not exhaust the universal sdtt@same ordei=CT extends these theories
conservatively, and thus the identical interpretationshef respective fragments represent all of the
above theories faithfully ikCT.

e Upward shift. The translationt that consists in raising the order of all variables bys an interpre-
tation of FCT in itself (since the axioms dfCT are invariant undet). All definitions and theorems
of FCT can thus be propagated to all higher orders by iteratior of

o Relativization. Restricting all quantifiers to &risp class (resp. its iterated crisp powers in higher
orders) is an interpretation oFCT in itself. The domain of discourse thus can be arbitrarilpsén
from some basic universe (as long as it is crisp).

e Singleton shift. FCTdoes not allow classes to contain elements of differentrerfieg.,{x, X }).
Nevertheless, they can be simulated by means of faithirpirtations. It can be shown that the
interpretation{-} (“singleton shift”) which mapsc to {«} is a faithful interpretation of the theory
of identity (which exhausts the relevant features of atogtéments) in the theory of fuzzy classes.
The mixed clas§z, X} thus can be “encoded” by the clags:{?, X} = {{z},X}. (Further
adjustments can be made in order to make the backward trtimislane-to-one and make it work
at all levels of the type hierarchy.) Thus by this interptita, mixed classes of arbitrary orders are
available inFCT.
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e TranspositionSwitching all pairs(z, y) to (y, z) is a duality inFCT. Dual forms of the theorems on
fuzzy relations thus need not be proved (elgm(A x B) = A, follows fromrng(A x B) = B).

e Relational representation of classeBuzzy classes can be represented among fuzzy relations by
identifying atomic elements with pairs (x,0) (for a fixed elemend); any fuzzy classA is then
identified with the fuzzy relatioA x {0}. This interpretation is employed ihl[3] for proving hosts of
theorems on fuzzy relations and classes at once.

Remark 18 The interpretations of Examplgll7 often state an “isomanphiof some structures in FCT.
The need of using interpretations arises primarily fromfdet that the notion of isomorphism (not even a
bijection) has not yet been developed inside FCT. (Sinaeadibns in FCT are in general fuzzy, this notion
would need a careful analysis.) Nevertheless, since FCTamaal syntactic theory, the metamathematical
apparatus of interpretations is very suitable for suchgaakd the “syntactic isomorphisms” obtained by
the method of interpretation are usually easier to prove thay would be inside the theory.
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Abstrakt

Clanek se zabyva moznosti efektivniho navrhu wegbbvstranek pro vizualizaci dat v relagnich
databazich s vyuzitim teorie formalnich jazyklrakdadt. Jazyk zavorkovych vyrazi libovolné hloybk
vnoreni patfi mezi bezkontextové jazyky. Jestlibeegime hloubku vnofeni zavorek zvolenou konstan-
tou, Ize pro takovy jazyk sestrojit regularni gramatiktiera jej generuje. Generovani véty regularniho
jazyka pomoci pravidel pravé regularni gramatiky sengtuje "koncovou rekurzi” tj. vétna forma
obsahuje nejvyse jediny neterminalni symbol, ktgrzaroven symbolem vétné formy nejvice vpravo.
Vybér pravidla pro expanzi neterminalu je moznétfidformacemi ziskanymi z relatni databaze. Kon-
covou rekurzi Ize snadno vyjadfit pomoci iterace. V dostné dlouhych vétach vSech bezkontextovych
jazykl Ize na urtitych mistech zopakovat podietédacé véty tak, aby ziskana véta patfila do jazyka.
Kontextové jazyky podobnou vlastnost obecné nemagimgné i tam mizeme v izolovanych pfipadech
zopakovat na urcitych mistech casti vety s identiok/ysledkem. Pro ziskavani dat z relacnich databa
je mozné definovat mnozinu SQL dotazli usporadanoutmonsi pomoci "master-detail” referencnich
vztahll. Na pFikladu jazyka HTML ve spojeni se zavordastrukturou reprezentujici strom dotazd
konetné vysky je demonstrovana moznost dynamiclggnerovani www stranek vyhradné na zakladé
deklarativni konfigurace s vylou¢enim programaterpkace.

1. Uvod

Soucasny rychly rozvoj internetu klade zvysenéok§ima tviirce webovych stranek. Dnes jiz neni mozné
spoléhat se pouze na staticky webovy obsah. Navrh wwémek v bézné uzivanych systémech dynam-
ického generovani stranek (php, asp, jsp, Java-despled.) vsak miize (spésné provadét jen odbornik
alespoi zhruba znaly problematiky imperativniho a ktgjeého programovani. V této praci pfedstavujeme
jeden ze zplisobll, jak umoznit visualizaci dat z relatatabaze pomoci dynamického generovani www
stranek vyhradné na zakladé deklarativni konfigaraanoznosti dodate¢né upravovat grafickou Upravu
generovanych stranek s vyloutenim programatorsikég Dynamické generovani HTML stranek miizeme
povaZovat za specialni pfipad generovani fét&tezenych se symbolll alfanumerické abecedy. Zanié”
této prace proto neni omezeno Cisté jen na generddaiL stranek, naopak s vyjimkou konkrétnich
pfikladll v HTML jsou vSechny zavéry prace aplikostaie i na generovani xml nebo rtf dokumenti.
Prezentaci dat v podobé rtf dokumentu v kombinaci s Siroggifenym editorem rtf dokumenttl (Microsoft
Word) Ize téz s vyhodou vyuZit jako alternativni $sttisku uzivatelsky modifikovatelnych tiskovych ses-
tav. Zakladnim principem postupu prezentovanéhow peaci je obohaceni HTML (resp. rtf atd.) doku-
mentu o zavorkovou strukturu reprezentujici algoritnziskavani dat z relacni databaze. S vyhodou téz
vyuzivame vlastnosti jazyka HTML resp. rtf, zejméegexind o moznost 0..n krat zopakovat ve vybranych
vétach jazyka urtité podietézce dané véty takyysledna posloupnost symbolll zlistava vétou jazyka
Dynamické generovani dokumentll na zakladé uvedempgncipu je mozné vyrazné zefektivnit, paklize
provedeme predzpracovani dokumentu. Pfedzpra¢al@umentu je mozné provést s vyuzitim teorie
formalnich pfekladll. Vysledkem pfedzpracovaijnarni vnitini forma, ktera je vhodngjsi pro épaané
generovani dokumentu. Prace vyuziva vysledkyitemiacnich databail[l, 5] a teorie formalnich jezyn
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prekladt [L[2[B]. Zapis gramatiky resp. grafické \dii@ni koneénych automatll je uvedeno v notaci podle
[, [2]. PFehled zakladnich pojml je uveden[il12, 3].

2. Strom dotaz{
Pro (Cely této prace definujeme strom dotazli nad nmuazielaci takto:

Definition 1 N
ecH R je mnozina relaci. Strom dotazll budiz orientovangstovy graf ve kterem plati:

1. Hrany jsou orientovany ve sméru od rodi¢ovského lzhotomkiim.
2. Kazdy uzel stromu je ohodnocen jedinou relaei R.

3. Kazda hrana sméfujici od pfedkaahodnoceného relaci = (A;, D;, T;) k potomkoviu; ohod-
nocenému relact; = (A;, D;, T;)je ohodnocena funkcf; : T; x T; — {0,1}. V souladu s
rozsifenou definici operace selekce v relacni algplodlel5], je funkcé tvofena logickym vyrazem
sestrojenym z logickych spojek a porovnani hodnobati.

Stromovy graf se vyznacuje m.j. tim, Ze pocet jeho Hewnzdy o jedna mensi nez pocet uzlli a Ze od
rodiCovského uzlu k nékterému z pfimych potomkidleesZzdy jen jedna jedina hrana. M{Zeme proto
oznacit uzly, hrany a jim pfifazené relace resp. funfremoci celych Cisel takto:

e Uzly jsou oznateny jednoznacné celymi ¢islyn, kden je pocet uzlll grafu.
e Kofen stromu je oznacen Cisletn

¢ Hranah, ktera vede od rodice;k potomkovi u je oznaCena Cislein

e Symbolem y oznacime relaci, kterou je ohodnocen uzel u

e Symbolem § ozna€ime funkci, kterou je ohodnocena hrana stromu h

o Funkce f, kterou je ohodnocena hrana stromusméfujici od pfedka;k potomkovi y;, ur€uje pro
kazdou kombinaci prvkii z relacea r; jejich obsahovou souvislost.

o Vstupem funkce je vzdy jeden prvek z relagaljeden prvek z relace r

e Vystupem funkce je €isl0, paklize vstupujici prvky obsahové nesouvisi. V op@h pFipadé funkce
vrati €islol.

2.1. Traverzovani stromu dotazu

Strom dotazll umoZiuje zorganizovat poradi zpranopévki relact, kterymi jsou ohodnoceny uzly stromu.
Predpokladejme, Ze v prlib&hu traverzovani je stolwtazi neménny, ti. ma konstantni mnozinu uzli,
mnozinu hran i incidenéni zobrazeni. Traverzovéarimu a zpracovani prvkll relaci négrobiha takto:

Pro kazdy prvek relace f, omezené selekci na podminku= 1, se navstivi vsichni pfimi naslednici uzlu
u; ve stanoveném neménném poradi. NavStéva pitnpetomka y je spojena s pfechodem po hrané/k
sméru jeji orientace a s provedenim selekce na reJgmdle podminky definované taktg; (¢, z) = 1.

Prvekt € T; predstavuje aktualné zpracovavany preeklace predka a je konstantni v prlibéhu provadéni
selekce, symbot oznacuje po fadé jednotlivé prvky relagetj. platiz € T;. Paklize je relace ziskana se-
lekci prazdna, provede se navrat do rodiCovského.0Zlopacném pfFipadé se postup rekurzivné zopakuije.
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V pfipadé kofene use postupuje obdobné s tim rozdilem, Ze neprobéhakaeha relaciyra po ukonceni
probirky v&ech prvkl relace mlgoritmus skon&i.

Uvedeny postup umoZziuje zpracovat (napt.vypsapseprvky relaci pfirazenych nasledniklim (“défai
obsahové souvisejici s pravé zpracovavanym prvkalace pfifazené rodicovskému uzlu (“master”). Az
poté dojde ke zpracovani dalSiho prvku relace géfee rodicovskému uzlu. V okamziku provedeni selekce
je jisté, ze relace na Grovni rodicovského uzlu nerizona, tj. selek&ni kritérium ma zajistény kotrek
vstupni hodnoty.

2.2. Vyjadreni stromu dotazti pomoci jazyka Avorkovych vyraz(

Pro vyjadreni stromu dotazli pomoci jazyka zavogkaviyrazti miizeme vyuzit atributované terminaln’
symboly oteviraci a uzaviraci zavorky a syntaxi jaayfkrmalné vyjadfit pomoci atributové gramatiky.
Atributova gramatika je CtveficdG=(G,A,V,F) kde G=(N,T,P,S)je zakladni gramatika atributové gra-
matiky, A je mnozina atributlly je zobrazeni pfifazujici kazdému symbolivZ | 7" mnozinu jeho atributii,

F je mnoZzina sémantickych pravidél [2].

Predpokladejme, Ze strom dotazli obsahuje vzdy afegmen uzel. Pak mlizeme sestrojit atributovou
gramatiku takto:

1. ZakladnigramatikaG = (N, T, P, S)
T={]}
N ={S,7}
P={S— 72,7 — SZ,Z —]}

2. MnozZina atributll
A = {node_number}

3. Zobrazeni Vv
V = {([, {node_number}), (], {node_number}), (S, {}),(Z,{})}

4. Mnozina F - prazdna

F={}

Prevod stromu dotazll na vétu uvedeného jazyka provedekurzivnim priichodem pres uzly stromu. P¥i
prvni navstéveé uzlu zapisujeme oteviraci zavoskatributem nastavenym na €islo uzlu, pak rekurzivné
projdeme potomky a pfed navratem k rodici zapiSemeiuagci zavorku s atributem nastavenym na €islo
uzlu. Takto ziskany vyraz oznatme pro Ucely tohotduesymbolem YSD”. Uvedené vyjadfeni stromu
dotazll neni jednoznacné v tom smyslu, Ze pro komplgtétny pfevod je tfeba jesté doplnit pfevodni
zobrazeni, které na zakladé €isla uzlu urci uzfislpSejici relaci a hrané (pfichazejici od réa) pfiradi
prisludejici funkci. Dale je pro tvarSD vyrazu podstatné poradi prochazeni potomkil. Nediilezity

je pfevod zadaného fetézce na strom dotazil resp. dartadaného atributovaného fetézce a zjistér, zd
odpovida zadanému stromu dotazli. Tento Ukol @&kéini a syntakticka analyza. Snadno ovéfine, 7
zakladni gramatika nami sestrojené atributové giikpge bezkontextova a navic LL(1). Proto mlizeme
snadno sestrojit deterministicky syntakticky anatgzédomoci techniky rekurzivniho sestupi|[l, 2].

3. Jazyk zavorkovych vyrazl
Zabyvejme se nyni izolované jazykem zavorkovychazjrlL, ktery je obecné bezkontextovy. Vyznatuje
se existenci dvou symbolll v abecedé — levé a pravérlkav kazdé véteé jazyka je celkoveé stejny potet

pravych a levych zavorek a navic v libovolném prefixaiywje pocet levych zavorek vétsi nebo roven poctu
pravych zavorek. Jazyk zavorek je napf. generovamgtikouG = (N, T, P, S)

o T={L}
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e N={S5 7}

e P={S—¢e,S—7Z57Z—|[5]}

Uvedena gramatik& generuje nekonecny jazylk(G) = L.

Symbolent:(s) oznatme maximalni hloubku vnofeni zavorek ve ve L(G), pficemz hloubku vnoreni
zavorky definujeme obvyklym rekurzivnim pfedpisém- h_parent+ 1 hloubka zavorky nikde nevnofené
je 1,h(e) = 0. Hloubka vnofeni zavorek je v kazdé izolované vitéezena, neliovéta jazyka ma vzdy
kone&ny pocet symboll. Pro libovolné celé Cislos N vsak vzdy existuje véta € L(G), takova ze
h(s) = n.

Zabyvejme se nyni jazykefiL2 = s:s€ LAhA(s) <k }, kdek € N e zvolena konstanta. Jazyl2

je tvofen podmnozinou fetézcl jazykakde je maximalni hloubka vnofeni zavorgks) vsech fetézcl

s € L2 omezena zvolenou konstantbuc N. Jazyk L2 patfi mezi regularni jazyky a mizeme prp né
sestrojit konecny automat, ktery jej pfijima, respgularni gramatiku, ktera jej generuije.

| v pfipadé, Ze povolime vice typl zavorek, tj. mugEme vice nez jednu levou zavorku a ke kazdé levé
zavorce prifadime ji odpovidajici pravou zaverldostaneme pfi konstantou omezené hloubce vnoreni
regularni jazyk popsatelny napf. konecnym autommate

Vzpomenme nyni na atributovany zavorkovy vyid8D z kapitoly[Z2, ktery jsme pouzili jako jednu

z moznosti pro vyjadreni stromu dotazll. JelikoZ kemetnou hloubku, ma smysl zabyvat se sestro-
jenim konecného automatu resp. regularni gramatéqyegujici jazyk, jehoz véty jsou odvozeny ¥&D
vyrazu konecnym (i nulovym) poctem opakovani z&yona daném misté v tésném sousedstvi s ostatnimi
vyskyty. Atribut “nodenumber” povaZzujme nyni za typové oznaceni zavoreledlny jazyk je tvofen
fetézci nad abecedad = {“[1”, “1]”, “[2”, “2]"... “[n”, “n]"}, kde hodnoty atributu se staly soucasti
symbolu abecedy. Dale pozadujeme, aby zavorku @égici uzlu y (vyskytuje se ve vyrazu jen jednou)
bylo moZzno libovolné-krat zopakovat na daném mistémci zavorky pfisluSejici rodici uzlu;u

Koneény automat pfijimajici uvedeny jazyk sedtrm@ na zakladé znalosti struktury stromu dotazll a
pozadovaného fazeni potomkil uzlli stromu, obojzemie jednoznacné urcit\#SD. PoZadovany deter-
ministicky kone¢ny automat MSO®), T', 6, ¢-0, F’) sestrojime takto:

1. Mnozina vnitfnich stavll Q:
Q ={q0,qleft 1,qright1,.....,qleftn,qright_n}
KaZzdému uzlu stromu dotazll pfisluseji dva stavyeft®la “righ”. Navic je zde stav @, ktery je
pocatecnim stavem automatu.

2. Vstupni abeceda T:
T — A — {“[1//7 441]//, “[2//7 442]//. . “[TL”, “n]//}

3. Pfechodové zobrazefii
0(q-0, “[1") = qleft1
0(g-lefti, “i]") = qright_i proi € 1.n
0(q-right_i, “[i") = qleftiproi € 1.n
0(glefti, “[j") = qleft_j, je- li uzelu; pfimym potomkem uzla,
0(q-right_j, “i]") = q_right_ je- li uzelu; pfimym potomkem uzlu;
Nakonec vyfeSime pfechody mezi potomky stejnéhot@diPotomky jednoho rodice sefadime v
poradi podle vyskytu vi/SD vyrazu a z pravého stavu predchlidce vedeme prechogléhd stavu
vSech naslednikl, prechod spojime se &tenim syuribeé zavorky s Eislem prislusného naslednika
“[descendannumber”.

4. Pocatecni stav je
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5. Mnozina koncovych stavtl F:
F ={q-0,q-prava_1}
Koncové stavy predstavuji uzavieni zavorky piggljici kofeni stromu dotazll resp. pfijeti pragta
fetézec znamenajici nulovy vyskyt zavorky piéaé kofeni stromu dotazu.

Vyraz VSD oznatujici strom dotazli mlizeme tedy pfevést nakoi automat a posléze na regularni gra-
matiku generujici jazyk pozadovanych vlastnosti.

S vyhodou nyni uzijeme skute¢nosti, Ze atributovaayorkovy vyrazvVSD nepopisuje strom dotazll jed-
noznané. MiZe existovat vice stroml dotazll sengtejvyjadienim pomocVSD vyrazu - stromy se
shodnymvSD vyrazem se mohou liSit v pfifazeni relaci uzlim netabefinici funkci pfitazenych hranam.
Zkusme nyni sestrojit algoritmus pro generovani veykalL (MSD), vznik véty jazyka bude pfi tom fizen
informacemi ziskanymi z traversovani stromu dotakié. zakladé znalostSD automatu sestrojime ne-
jprve pravou regularni gramatiku postupem uvedenyrlv [Gramatika takto sestavena velice nazorné
kopiruje strukturu zdrojového kone€ného automatu.

Generovani véty v pravé regularni gramatice préahjgko posloupnost pfimych derivaci z pocateénih
symbolu gramatiky. Pfiméa derivace v pravé regul@mimatice znamena nahrazeni jediného neterminalu
X vétné formy pravou stranou pravidla, jehoZ levou strawofi pravé neterminal X. Pravidel se stejnym
neterminalem na levé strané muize byt v pravé ragilgramatice nékolik, proto je tfeba umét se pfi gen-
erovani véty rozhodnout pro jedno urcité pravidlo.

P¥i expanzi neterminalll vytvofenym z “levych” stayj_le ft i), jsou na vybér pravé strany obsahujici po
fadé neterminaly vytvofené z “levych” stavll potoimkziu v; a “pravého” stavu uzlu,;. Analogicky pfi
expanzi neterminalll vytvofenym z“pravych” sta@lright i), jsou na vybér pravé strany obsahujici po

fadé neterminaly vytvofené z “levich” stavll naBiekl uzluu; v “sourozenecke fadé”, “levého” stavu uzlu
u; a “pravého” stavu rodi¢ovského uzlu.

Vybérovym kritériem budiz existence resp. neexistedosud nezpracovanych prvkil v relaci prislusejic’
nékterému ze zainteresovanych uzlli. Konkrétniymsudiz tento:

P¥i expanzi neterminaly_left_ e jiz znam pravé zpracovavany prvekelacer;. Proto je mozné urc€it
selekci na realce potomkl uzly.u

Prisludné praveé strany pravidel pfedstavuiji pistke generovani obsahu na zakladé potomkUwziasp.
prechod na dalsi prvek relaeg Pravidlo obsahujici na pravé strané neterminélft_j se uzije v pfipadg,
Ze vysledek selekce na relaej neni prazdna relace. V opatném pfipadé se provéeighpd na dalsi
pravidlo v pofadi ur€enérdSD vyrazem a testovani probiha stejné. Pfi expanzmeinalug_right_i e
nejprve oznaci prvekza zpracovany a testuje existence dalSiho dosud nermmaeho prvku v relaci;.
Paklize takovy prvek existuje, pouzije se pravidlaighti — “[i"q _left.i, jinak se ve znamém poradi
zkoumaji pravidla vedouci k levym zavorkam souroZemravidlo vedouci k pravé zavorce predka se uZije
v pfipadé, Ze ostatni moznosti nelze uzit.

Snadno zjistime, Ze pfi fizeni expanze netermingiSe navrzenym zplisobem kopiruje generovanj vé
jazykaL(MSD) traverzovani stromu dotazil. Operacni slozitosejdgytdana naroky na traverzovani plus
naroky na generovani vétySD vyraz pfi tom m.j. uréuje pofadi prochazeni potamkSp. poradi kontroly
pouzitelnosti pravidel pro expanzi pfislusného netiealu. Paklize takto navrzenému algoritmu nechame
zpracovat jiny strom dotazil pro damigD vyraz, vygeneruje algoritmus obecné jinou vétu jazydSD) .
Poradi provadéni kontrol a expanzi je neménné @eckiny povolené vstupni stromy dotazll. Proto je
mlizeme s vyhodou zakodovat napf. do posloupnostiampektera se provede v okamziku generovani
vystupu.

Na zavér prozkoumejme je3té moznost umistit mezodéy vstupnihd/SD vyrazu néjaké pro viastni gen-
erovani “balastni” symboly. Zavorku pak zopakujemedaaém misté véetné jejiho obsatupravaMSD
automatu je relativné jednoducha — pfibudou linedsgky stavli a pfechodl generujici dané konstantni
fetézce vypliovych symboldMSD automat zlistane deterministicky. Algoritmus genendwé&@t jazyka
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L(MSD) zlstane téz v podstaté nezménén, zadné dodatezhodovani neni potieba.

3.1. Grafické formatovani informaci

Nyni se zaméfime bliZze na fetézce terminalnfgmisolli umisténych mezi zavorkami VSD vyrazu. V
dostate¢né dlouhych vétach viech bezkontextojgzykl Ize na uréitych mistech zopakovat podretézec
dané véty tak, aby ziskana véta patfila do jazikaKeintextové jazyky podobnou vliastnost obecné nemaji,
nicméné i tam mliZzeme v izolovanych pfipadech zopakoa urcitych mistech ¢asti véty s identickym
vysledkem. Na problematiku mtizeme nahlédnout i z drsiindny, tj. existuje moznost vioZit atributované
zavorkyVSD vyrazu do véty jiného jazyka tak, aby repetice obsahwodé na daném misté a nasledné
vypusténiVSD zavorek neporusilo prislusnost véty k jazyku. Toh@z@me s vyhodou vyuZit napf. ve
spojeni s jazykem HTML takto:

1. HTML dokument obohatime o atributované zavorky.
2. Pomoci stromu dotazu modifikujeme generovani vatugty.

3. Z vystupné véty odstranime atributované zavotkyz se z ni stane opét véta jazyka HTML.

Jediné Uskali postupu je v bodu 1. — rozmisténi atoianych zavorek po plivodni vété jazyka nemiize by
zcela libovolné. Rozmistovani zavorek po plvoditBjazyka véak mliZze byt prenechano k tomu uriené
editoru. Jako pfiklad jiz existujici implementaceeame jazyk RTF a editor Microsoft Word — Microsoft
Word obsahuje funkci “VloZit zalozku”, ktera vloztrédbutovanou pravou a levou zavorku poZzadovanych
vlastnosti. UpIné postatuje funkce umoziiujici korektni vinkézolovanych zavorek, vzajemny vztah
zavorek se vyfesi v ramci predzpracovani dokument

4. Realizace geneitoru dokumentt

Doposud jsme probrali jen zakladni “motor” generatoakdmentli. Od realného exportniho systému
pozadujeme jesté vystup hodnot atributll prvkil retlcvysledného textu. V priibéhu traverzovani stmom
dotazl jsou pfi priichodu uzlw, znamy a konstantni aktualné zpracovavané prvkycfefsech predchtidct
uzluu; az ke kofeni stromu. Je proto pfirozené umoznit zapidnot atributli prvki relacer; v ramci celé
zavorky pfislusejici uzlu; ve VSD vyrazu. Definujme nyni pojemSCH (SDY}'.

Definition2 S

chémaSCH(SD) stromu dotaz{8D je stromovy graf se stejnou mnozinou u#ihrana se shodnym in-
cidenénim zobrazenim jako zdrojovy strom dot&i Uzly schématu jsou ohodnoceny schématy relaci,
hrany schématu nejsou chodnoceny.

Na zakladé znalosti schématu stromu dotazll je moxdik wEechny mozné tvarySD vyrazu a ovéfit
rozmisténi atribut mezi zavorkarMSD vyrazu. Kompletni atributova gramatika definujicinggxi
rozeznavanou syntaktickym analyzatorem vznikne jeldicbym rozSifenim gramatiky pndSD vyraz o
atributovany symbod&“atributu relace” a atributovany symbgl'vmezereny text”. Na jejim zakladé Ize
sestrojit syntakticky analyzéator a prekladac¢ vstiyoniextu do vhodné binarni vnitfni formy jak je uve-
deno napf.[[2]. Schéma stromu dotazll musi byt zadanluse vstupnim textem. Pfekladag jej vyuZije
pfi ovéFeni umisténi symbolll znaticich attipvelaci v ramci pfisludnych zavorek atd. Interpvaitini
formy (vlastni generator dokumentl) je mozné realae vyuzitim poznatkl z kapitolit I 3 tohoto textu,
hodnoty atributli je tfeba v okamziku zapisu konvertal@textové podoby.
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4.1. Hiklad uziti ve spojeni s jazykem HTML

Predpokladejme, ze mame k dispozici implementovdailpdac a implementovany interpret vnitfni formy.
Lexikalni analyzator v prekladaci nechfedpoklada zapis atributovanych zavorek ponexikalnich el-
ementll ve tvarkk%BS_nodeid%> pro oteviraci zavorku &%BE_nodeid%> pro uzaviraci zavorku.
Zapis oznaceni atributll se pfedpoklada ve tvevtvariableid%> . Predpokladejme nyni, Ze chceme
zobrazit izolovanou tabulku v ur€itém grafickém forioééni, data ziskame z relacni databaze v podobé
jediné relace — strom dotazli ma pouze kofenovy uzel.

Example 1 V
zorovy dokument obohaceny o zavorky a atributy bude dgpaapt. takto:

<htmI><body> <table>
<tr><td>First name</td><td>Last name</td></tr>
<%BS_1%>
<tr><td><%txtfirstname%></td><td><%txtlasthame%></t d></tr>
<%BE_1%>
</table> </body></html>

Pfipadna zména resp. doplnéni formatovani enfitobihat bez zasahu programatora s napf. pomoci
vhodného HTML editoru.

Example 2 V
ysledny dokument bez zavorek a s nahrazenymi atributielvypadat napt. takto:

<html> <body> <table>
<tr><td>First name</td><td>Last name</td></tr>
<tr><td>Zuzana</td><td>Capekova</td></tr>
<tr><td>lva</td><td>Zlamalova</td></tr> </table> </bo dy></htm|>

5. Zavér

Pouziti uvedeného postupu neni omezeno jen na HTMLkjaRgstup Ize aplikovat i ve spojeni s jazykem
xml, rtf apod. Editace vzhledu dokumentli miize byt gighina zcela neskolenym uZivatelim. Napf. v
pfipadé jazyka rtf je mozné pro zménu vzhledu dokuta@iiimo pouZzit aplikaci MS Word (funkce "vloZit
zalozku” vytvori zavorky pozadovanych vlastngsty dlisledku ¢ehoz neni nutné uZivatele preskalma
specificka vyvojova prostredi, navrhare repoafiod. Pfedzpracovani vzorového dokumentu do vhodné
binarni vnitini formy navic zvy3uje efektivitu metp a minimalizuje vypocetni i pani@veé naroky na
generovani dokumentu.
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Abstract

The aim of this paper is to present an overview of the methadd in survival analysis and especially
modeling survival data. Since the topic of my future Ph.Cesik isStatistical models for correlated
survival datawe introduce the use of frailties as an equivalent of randffects in common statistical
modeling together with its connection to correlation. Fyanodel, how model with frailties is called,
uses frailties as a parameter for individuals. Those wharawst frail will experience an event earlier
than others.

Keywords: survival analysis, frailty models

1. Introduction

Survival analysis is analysis of time to the occurrence obaent. Examples of such data arise in many
diverse fields, such as medicine, biology, public healtidepiology, engineering, economics, and demog-
raphy. In epidemiology the event is not always a death, bcarit be, for example, a first occurrence of
relapse, duration of response to treatment, time to dewadop of a disease, duration of stay in hospital,
and duration of a seizure. Survival analysis attempts tevangjuestions such as: what is the fraction of
a population which will survive past a certain time? Of thdsat survive, at what rate will they die or
fail? Can multiple causes of death or failure be taken intmaat? How do particular circumstances or
characteristics increase or decrease the probabilityrofval?

Analysis of survival data is very often complicated by theuis of censoring, where the event is known
only to not have occurred during a certain period of time apdrbncation, where the individuals enter the
study only if they survive a sufficient length of time or initluals are included in the study only if the event
has occurred by a given time. These two issues play a veryriapiarole in estimating model parameters
and in modeling survival data. The theoretical basis forahalysis of survival data has been solidified by
connecting it to the study of counting processes and maténifpeoryl[5]. This theory, among many other
benefits, substantially helped with accounting for cemspri

In this paper, we start with an introduction to the key cornseép survival analysis: the hazard, survival,
and cumulative hazard functions. Then we turn to regressioodels with emphasis on frailty model as an
extension of the Cox proportional hazards model. The frailbdel may be also called the shared frailty
models because the frailty may be parameter shared amondengmf one group or family. We also
discuss some models used in multivariate survival data bow the universality of the concept of frailties.

2. Basic concepts

Random variables analyzed in survival analysis are caledfailure timesl” and they are always non-
negativel’ > 0. T can either be discrete (taking a finite set of values, e;gas, ..., a,) or continuous
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(defined o0, x)).

The concept used in describing time-to-event phenomerfzeisurvival function, the probability of an
individual surviving beyond time. It is defined as

S(t) = P(T > t).

Survival function is non-increasing function with a valueloat the origin and) at infinity. WhenT' is
a continuous random variable théiit) is a non-increasing continuous function. When T is a cormatirsu
variable, the survival function is a complement of the cuativé distribution functionS(t) = 1 — F(¢),
whereF'(t) = 1 — P(T < t). The survival function is the integral of the probabilityrehity functionf (z).
Then

St)=1-Ft)=1-PT <t)= /.OO f(z)dz, 1)
and
fl) = -

Fundamental in survival analysis is the hazard functionis klso known as the conditional failure rate
in reliability, the force of mortality in demography, thetémsity function in stochastic processes, the age-
specific failure rate in epidemiology or simply as the hazatd. The hazard rate is defined by
P(T e[t,t+ AT >t
b - g PTElTEANT =Y
At—0 At
. P(T e[t,t+ At)
= lim =
At—0  At-P(T >1t)

Ft+At) —F(t)  F'(t)

T oAb At-S() S @
Then
) = g = g = gy =~ (S(0). ©
A related quantity is the cumulative hazard function, defibg
t
Ht) = / h(y)dy = — 0 S(t) + InS(0) = —In (S()). @)
y=0

Then

S(t) = e HO®),

3. Modeling survival data

A problem frequently encountered in analyzing survivaladiatthat of adjusting the survival function to
account for concomitant information (sometimes refer@ds covariates, explanatory variables or inde-
pendent variables).

A popular concept for modeling the relationship of covafato a survival outcomes is represented by
the Cox proportional hazards model. LEt; be the covariate of théth person, wheré = 1,...,n and
j=1,...,p. The set of covariates then, like in linear regression, famn x p matrix andX; is used to
denote the covariate vector for subje¢theith row of the matrix).
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The Cox model specifies the hazard for individiiak
hi(t) = ho(t) - €™, (5)

whereh is unspecified nonnegative function of time called the basélazard, an@ is p x 1 column vector
of coefficients. Eventrates cannot be negative (observathdeannot unhappen), and the exponential thus
plays the an important role in ensuring that the final es@®ate a physical possibility.

Because the hazard ratio for two subjects with fixed covariattorsX; and X,

) . eXiB XipB
hl(f) o ho(f) [ (& - e[Xi_Xj]B

hi(t)  ho(t)-eXiB — eXif ©

is constant over time, the model is also known as the prapmatihazards model. Estimations®fs based
on the partial likelihood function introduced by Cox. Conmhoused algorithm for finding approximations
to the roots of real-valued function is the Newton-Raphdgorithm. The idea of the method is that one
starts with a value which is reasonably close to the true, theh replaces the function by its tangent and
computes the root of this tangent. This root of the tangefittypically be a better approximation to the
function’s root. The procedure is iterative and comparesith guess withm + 1th, with the initial value
usually set ta@. This algorithm is robust for the Cox partial likelihood. @@rgence problem are very rare
and easily addressed by simple methods such as step-halving

3.1. The concept of frailty

In the last several years there has been active researcle iardfa of survival models involving random
effects. In this setting, a random effect is a continuougabée, that describes excess of risk or frailty for
distinct categories, such as individuals or families. Tdeaiis that individuals are characterized by frailty
parameter that reflects their state of health. Those who ag frail will die earlier than the others.

Frailty models are also used in making adjustments for dspedision in survival studies. Here, the frailty
represents the total effect on survival of the covariatasmeasured when collecting information on indi-
vidual subjects. If these effects are ignored, the reqylimrvival estimates may be misleading. Corrections
for overdispersion allow for adjustments for other impattaffects that were unaccounted for in the study.

Computationally, frailty parameters are usually vieweduasbserved covariates. This leads to the use
of EM (expectation-maximization) algorithm as an estimattool. EM algorithm is an algorithm for
obtaining maximum likelihood estimates of parameters obabilistic models, where the model depends on
unobserved latent variables. EM alternates between peifigran expectation (E) step, which computes an
expectation of the likelihood by including the latent valtiss as if they were observed, and a maximization
(M) step, which computes the maximum likelihood estimaféh@parameters by maximizing the expected
likelihood obtained at the E step. The parameters obtaibhéiseaM step are then used to begin another
E step, and the process is repeated. However, the algorgsiow, proper variance estimates require
further computation, and no implementation appears in drthe@more widely available packages. The
computation can be approached instead as a penalized Ce{.mod

The most common model used is a shared frailty model. As we®a, it is an extension of the proportional

hazards. Assume that each subjeé¢t= 1, ..., n, is a member of a single groypj = 1,...,q. Then we
write the proportional hazards model
hi(t) = ho(t) - e X747, )

whereX; andZ; are theith rows of covariate matriceX, «, andZ, «,, respectively.X andj correspond
to p fixed effects in the model, is a vector containing the unknown random effects or frailties, avdis
a design matrix Z;; equalsl if subjecti is a member of familyj, 0 otherwise.

For subject, which is a member of thgth family the proportional hazards model can be also writen

hai() (t) = ho(t) - w; - €37, (8)
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where thew; is the frailty parameter for family. This can be easily rewritten in the form of equatidn 7,
with ¢ ranging over all subjects,
w; = e,

andZ a matrix of indicator variables such théj; = 1 if subject: is a member of family and0 otherwise.
In this model, each individual can belong to only one familfe frailty parametew; has multiplicative
effect on the hazard rates.

According to a penalty function and the choice of a desigrrimate distinguish between gamma frailty
model and Gaussian random effects model. The advantagalof fraving either of these two distributions
is that the shared frailty model can be written exactly asraafieed likelihood and further estimation can
be done more easily. Additional assumptions are discussiesvb

Penalty function
pw) = (Lfw) - Y (wi =)

and the design matri¥ as defined for shared frailty model gives us the equivalente gamma frailty
model. Thew;s are distributed as the logs of iid (independent idengiadiitributed) random variables and
the tuning parametekis their variance. For this frailty distribution, the colagon of subject within groups
is0/(2+0).

Penalty function
p(w) = (1/2w) - Y}

and general design matri¥ gives the Gaussian random effects model. The tuning paexieif the
penalty function is the variance of thgs.

The fact that both penalties are the log-likelihoods forred@m sample of 4, . . . , w,, from the appropriate
distribution raises the question whether other frailtytrilisitions can be accommodated within penalized
framework. From the viewpoint of the penalized fitting prdaeed is as nuisance or "tuning” parameter of
the computation.

The variance can be a fixed parameter set by the user, eithéiresetly or chosen indirectly by specifying
the degrees of freedom for the random effects term. Nexbaopt to seek an overall best variance by
minimizing the AIC (Akaike’s Information Criterion) or cogcted AIC. The idea behind the AIC is to
examine the complexity of the model together with goodnésts dit to the sample data, and to produce
a measure which balances between the two. The formula fopating AIC involves the likelihood and
number of parameters of examined model. The corrected A& ouich larger penalty as the number of
parameters approaches the sample siz& his leads to models which are a bit more conservative in the
amount of model parameters.

For the gamma frailty, the profile likelihood fércan be used. This gives a global solution that is identical
[6] to the EM algorithm for a shared gamma frailty model. WhreGaussian distribution of the frailty
is chosen, the varianaeof the random effect can be chosen based on an approximatd Riestricted
maximum likelihood) equation. Restricted maximum likeldd serves to estimate the variance of any
distribution and is also based on the likelihood principle.

3.2. Shared Gamma frailty models

As it was said, the most commonly used estimation procedufailty models is the EM algorithm. It
gives discrete estimator of the distribution and does nlowatlirect estimation of the hazard function.
Rondeaou et al[[2] present how to use maximum penalizeliHd@d estimation in estimating continuous
hazard function in a shared gamma-frailty model with rightisored and left-truncated data. Instead of
penalizing the frailties 6] the hazard function is penatliz

Let us consider the model in which the hazard function wilttlyadepend on an unobservable random
variable thought to act multiplicatively on the hazard atidvafor stratum-specific baseline hazards. For
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the jth individual (j = 1,...,n;,) of the hth stratum(h = 1, ..., K) and theith group(i = 1,...,G),

let T;5; denote the survival times under study. We also assume tlepéamtience of survival times and
left-truncation times. The censoring times are assumeglgaddent of the failure times and of the frailties
Zi.

Then the hazard function conditional on the frailty is
Rinj (t|Zi) = Z; - hop (t) . eX“”ﬂ, 9)

wherehgy, (t) is the baseline hazard function for stratémX;r; = (X1:n;, X2ing, - - - » Xpinj) denotes the
covariate row vector for thg!" individual of stratumh and groupi, and 3 is the corresponding vector of
regression parameters.

Conditionally on the frailtyZ;, the failure timesl,1, Tine, - - -, Tinn,, are assumed to be independent. It
is also assumed that th#&’s are independently and identically distributed from a gaardistribution with
meanl and unknown variancg The probability density function is then

L(1/6-1)  ,—2/6

r(/e)-eve - (10)

g9(z) =
Large values ob signify a closer positive relationship between the sulsjetthe same group and greater
heterogeneity among the groups.

Instead of the use of the Cox partial likelihood the full likeod obtained by integrating out the frailty
Z; from the joint likelihood is presented. Because of allowaaffar left-truncated data the likelihood is
expressed conditional on involved failure times. Rondeaal.e [2] give the exact formula of the full
log-likelihood which can be directly maximized to obtairethstimates of}, 6 and the baseline hazard
function hq(t), which is assumed to be smooth. Maximum penalized estimgMPnLE) of hy(t), 8
and# are then obtained by maximizing function consisting of thke1bg-likelihood and the penalty. The
penalty has large values for rough functions and contas sthoothing parameter specific for particular
stratum. The idea is that the penalty is for large values efgmoothing parameter forced toward zero
and if the smoothing parameter is small, then the main daution to penalized likelihood will be the full
log-likelihood mentioned above.

Rondeau et al. also show the way how to obtain estimatorseob#izeline hazard function. It is an ap-
proximation obtained by using splines. Splines are polyiabfanctions which are combined linearly to
give the interpolation of a function. In addition, confidertands for the baseline hazard estimators can
be given using the variance estimates. The choice of snmupiharameter can be done heuristically by
plotting several curves and by choosing that which seems realistic.

3.3. Nested Gamma frailty models

The frailty model is a random effect survival model, whicloals for unobserved heterogeneity or for sta-
tistical dependence between observed survival data. Tétedhérailty model accounts for the hierarchical
clustering of the data by including two nested random effedthey substitute the frailty; from equa-
tion[d, only the structure is a bit more complicated by the that one frailty is nested into another one
which refers to higher hierarchical level. Thus nestedtfranodels are particularly appropriate when data
are clustered at several hierarchical levels and it doesatter if the situation arised naturally or by design
of the study. In such cases it is important to estimate tharpaters of interest as accurately as possible
by taking into account the hierarchical structure of theadd®ondeau et. al[3]. present a maximum pe-
nalized likelihood estimation (MPnLE) to estimate nongraetrically a continuous hazard function in a
nested gamma-frailty model with right-censored and lefitated data. The estimators for the regression
coefficients and the variance components of the randomteféee obtained simultaneously.

To demonstrate the MPnLE method and the nested frailty moaeéxamples were givehl[3]. One was for
modeling the effect of particulate air pollution on mortglin different areas with two levels of geographical
regrouping. The other application concerned recurremgdtién times of patients from different hospitals.
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Simulation study was performed and it proved that the sesmametric approach yields satisfactory results.
Using a shared frailty model instead of nested frailty madéh two levels of regrouping leads to inaccurate
estimates, with an overestimation of the variance of theoameffects. Next, even when the frailty effects
are fairly small in magnitude, they are important since thkgr the results in a systematic pattern.

Let us consider a multilevel proportional hazards modehwito sets of nested random effects that act
multiplicatively on the hazard, so that a large value of éheariables increases the hazard. There are
several types of models for expressing how the hazard fomctepends on the explanatory variables. The
most popular model when analyzing epidemiological suhdeda is the proportional hazards model even
if some other models as additive or accelerated failure ttamebe used. Proportional hazards models are
semi-parametric and fairly flexible and their covariates ba time-dependent. We treat the case of a cohort

with G independent clusters = 1,...,G). Within theith cluster, there ard; correlated sub-clusters
(7 =1,...,J;). We treat the case of right-censored and left-truncateal @&y, denotes the survival times
under study for subjedt (k =1, ..., K;;) from subgroup, and groug. We also assume the independence

of survival timesT;;;, and left-truncation times.

Then we define two random effeaisandw;; and assume that the cluster-level random effectnd the
sub-cluster random effects;; are independent and gamma-distributed random effé¢ts/«v; 1/«)) and
(T'(1/n;1/n)) with E(v;) = 1,var(v;) = e andE(w;;) = 1,var(w;;) = 7.

For identifiability, they have a mean equallat birth (i.e. at duration;;;, = 0). If the variance is null,
then observations from the same group are independentgéarlaariance implies greater heterogeneity in
frailty across groups and a greater correlation of the sahtimes for individuals belonging to the same
group. Mainly for reasons of mathematical convenience fthidty terms are often assumed to follow a
gamma distribution. Gamma distribution is chosen becatiis oorrespondence to shared frailty model
and the possibility to express the shared frailty model amized likelihood. To construct the likelihood
function, apart from the usual assumption of independemaeng, the censoring must be non-informative
for v; andw;;.

The hazard function conditional on the two frailtigsandw;;, for individual (¢, j, k) is
hiji (t|vi, wij) = v - wyj - ho(t) - €980, an

wherehy(t) is the baseline hazard functioX;;;x = (X14jk,- - ., Xpijx) denotes the covariate row vector
for the kth individual, with p the number of covariates, amtlis the corresponding vector of regression
parameters.

Rondeau et al. estimated the baseline hazard function irstechérailty model non-parametrically using

a penalized full likelihood assuming both left-truncatedi aight-censored survival data. This makes it
possible to estimate simultaneously the regression caaffi; the variance component parameters and es-
pecially a smooth hazard function, which cannot be coryexttimated using conventional non-parametric
methods.

A major advantage of nested frailty models is their abil@yahalyze data that are also correlated at several
different hierarchical levels. The eventual hierarchgtalicture of the data needs to be taken into account in
survival analysis to obtain accurate inferences. Ignaramglom cluster effects may result in overlooking the
importance of certain cluster effects and calls into questihe validity of traditional statistical techniques
such as the shared frailty model. The nested frailty modeVex helpful in diagnosing the source of
correlation in data. This method can be easily extendedvariaite frailty models, making it possible to
treat two events simultaneously per subject.

3.4. Multivariate survival data

The shared frailty model can also be viewed as a specific kindeocommon risk model. The frailty is
the term that describes the common risk, acting as a factdh@mazard function. In most settings the
common risks are assumed random and therefore we can spaatknaititure model. Given the frailties the
observations are assumed independent. This is then calletitional independence.

PhD Conference '06 23 ICS Prague



Vaclav Faltus Frailty Models In Survival Analysis

The bivariate survival function can be defined¥$;,t2) = P(T1 > t1,T2 > t2) and in the multivariate
case obvioushS(ty,ta,...,t,) = P(Th > t1,T2 > to,..., T, > t,). P. Hougaard]7] shows also the
forms of the bivariate survival function by assuming certdistributions of the frailty. It is also shown
that the dependence can be assessed by by the rank-basadtaoritype measures like Kendalf’sor
Spearman’e and these measures depend only on the frailty distribufitrat is, they are independent of
the hazard function.

In many cases, we may need extensions of the common risk mdidelussed above and, similarly, more
models with varying degrees of dependence. The gener#yfegiproach can be used to create a random
treatment by group interaction or other models with seveoalrces of variation. Nested model discussed
by Rondeau et al. may be seen as special univariate case tWariate models discussed inl [7]. It was
already mentioned above that the two levels in nested maahdbe extended. This situation can arise in the
field of genetics where there are several sources of vanigtiesent. For twins the question may be whether
the dependence is the same for monozygotic and dizygotistvd. Hougaard shows also an example of the
nested trivariate parallel data model, which is a model waild be applicable for a sibling group where
individuals 1 and 2 are twins and individual 3 is a singletbirBurvival times of the first two siblings;

T> may be strongly dependenf; may show more modest dependence. This scenario can be diztwedp
by three frailties. In general, each frailty may have difetr distribution. P. Hougaard proposes the use of
semi-parametric estimate. That requires extension foognam for the shared frailty models and seems to
be complicated.

So far we discussed multiplicative frailty models but anvditmodels are plausible too, mainly because the
multiplicative models are not able to handle all dependstreetures. Therefore, the additive models seem
to be more operational. The disadvantage of the additiveasthat more parameters are needed to define
the models where the parameters cannot be identified frosessibf the data.

Frailty can be also modeled as stochastic process. P. Hauda&zusses independent increments frailty
models, piecewise gamma model, moving average model, hicklese of death model and the Woodbury-
Manton model. All these models apply when there is a insteedas and/or short-term frailty. The ideas are
given, however the mathematical complexity of these made&lsnajor problem. Instantaneous dependence
has a mathematical appeal allowing for many theoreticdlewi@ns. It is obtained by using a frailty varying
randomly over time, where the hazard is described by thepeddent increments of the process. Short-
term dependence models seem to be a more relevant extefishanfmilty model and from mathematical
point of view, there seems to be a lot of potential. The keyofmm is the computational burden. Models
with with time-varying frailties seem particularly impartt for recurrent events data, but most such model
treat only additive piecewise constant frailties and withrated number of intervals[]7]

4. Conclusion

Short overview of frailty models used in survival analys&ssgiven together with discussion and references
to available literature. Discussion concerning censgqringncation, estimation of parameters using the
likelihood, partial likelihood and other methods togethéth numerical procedures exceeds the scope of
this paper and thus were only slightly mentioned. The userisitty popularity of frailty models used in
analysis of correlated censored and possibly truncatedislatlatively new and active research in this field
is taking place. In section about multivariate survivaladtitere is a bit of a discussion about correlation
and conditional independence. In my prospective Ph.Dighegould like to focus on statistical aspects of
models involving frailty parameters and this paper was inapinion a good start to accomplish that goal.
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Abstract

In this contribution we analyze numerical behavior of soteesitive methods used for solving large-
scale saddle point problems. Two representatives of su¢hauds are the Schur complement reduction
method and the null-space projection method. They are bagkdon the transformation of the original
problem to the reduced form which is solved iteratively (eby the steepest descent or the conjugate
gradient methods etc.) giving one block component of thatemi vector. The remaining unknowns
are solved by back substitution from the original systempémeling on the actual implementation, we
estimate the maximum attainable accuracy of the computerbzaimate solution.

1. Introduction

We consider the saddle point system with #he 2 block structure

A <§> - (BAT ﬁ) <§> - (5) ’ 1)

where the blockA € R™*" is symmetric positive definite, the blodk € R"*™ (m < n) has rank
m. There is a large selection of solution techniques usedlt® the systemd]1) including direct and/or
stationary or (preconditioned) Krylov subspace iterativethods. We refer to the survey of such methods
and application<[1].

We concentrate here on the numerical behavior of two mainegeded solution approaches. They are
based on the transformation of the original saddle pointesygo the reduced one of a smaller dimen-
sion. When this system is solved (i.e. the componeat y), the remaining component is obtained by a
back-substitution resulting to the another reduced syskdéene we analyze iterative methods with short re-
currences (e.g. one-step stationary methods, conjugadésmt method etc.) applied to the reduced systems
which produce simultaneously the sequence of approximsdip andy,, to the vectors: andy.

In the following sections, we present estimates on therattdée accuracy for the Schur complement method
and the null-space projection method followed by illustnatof these results on a numerical example. For
details, we refer to the papér [7].

Our analysis is based on the work of Anne Greenbaum publish]. She exploited the well-known
phenomenon that the updated residuals (e.g. in the comjggatients method) converge far below the
machine precision (denoted hyhere) fork large enough. When this is true, we can (approximately)
bound the norm of the true residual by the norm of the diffeechetween the true and updated one and
thus to estimate the maximum attainable accuracy of ceitexmtive methods.
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2. Schur complement reduction method

The Schur complement reduction method is based on the solotithe Schur complement system
BTA 'By=BTA-!f (2)

whereBT A~! B is the negative Schur complement4in the (whole) saddle point matri{. This system

is symmetric positive definite and it is solved by an iteratimethod which produces the sequence of ap-
proximationsy;, to the solution componemnt The corresponding approximation to the vectorx is then
obtained by the substitution gf. into the first equation of{1), i.e.

T = A_l(f — Byk).

The algorithms of the Schur complement reduction methodsaremarized in FigurEl1. The iterative

method to solve the Schur complement systEim (2) is chaiaeteby Stefi13, where we compute the di-
rection vectorp,(f‘) and the step-length;, (e.g. p,(f‘) = r,ﬁy), ap = r,(cy)Trff)/p,(f)TBTA—prECy) =
rTpW) T 25 (@) for the steepest descent method). We consider three ditfecaemes for the com-
putation ofz; in Sted¥ which were used in many applications, e.g. in theestiof the Uzawa method,

two-level pressure correction algorithm etc., s€é¢ 3] §]5,

1. choose an initial guesg (e.9.yo = 0), solveAzy = f — By, COmputeréy) = —BTzq
2. fork=0,1,2,...
3. computey, andp,(cy)

4. solveApEf) = —Bp;cy)

5. updatey,.i =y + akp;w

6. update",(jfﬁ1 = r,(cy) - akBTpEf)
7. computery:

() updatery1 = 2 + axpl”)

(b) solveAzyi1 = f — Byk+1
(c) solveAuy+1 = f — Az, — Bygy1, updatery 1 = xx + ug

8. end

Figure 1: Schur complement reduction method: three schemes for ciimgpuy 1, (@) generic update, (b) direct
substitution, (c) corrected direct substitution.

In the initial step (Stepll) of the algorithm and in St&ps 4 [@raf the iteration loop, we need to solve
the system with the matrix blocd. Thus the success of the Schur complement reduction metiied r
on the availability of a good approximation to the solutidrthe system with the matri¥. The analysis
is based on the assumption that such a system is solved eithaitkward error equal to > 0, i.e. the
computed solutiom of the systemdv = f is an exact solution of the perturbed system+ AA)v = f
with ||[AA| < 7]|4]||, whereTx(A) < 1 (ensuring the nonsingularity of the perturbed system). tRer
solution of a system withd, we use either the direct method (based on the Choleskirfaatmn where

7 = O(u)) or the iterative method (the conjugate gradient methot) thie stopping criterion based on the
backward error.

2.1. Behavior in finite precision arithmetic

Here we recall results on the maximum attainable accuratlysiterates; andy,, (we denote by bars the
computed quantities). When the residﬁ%ﬁ) converges far below the machine precisiﬁfj’)( ~ 0), the
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residual of the systeni](2) satisfies

_ 1 O(m)k(A) , ,_ —
BTA™'f— BTA™'By, | < ———Z||A7"||||B B|Y
|BT A Bl S T iy AT B+ IBIT ), 3)
whereY', = max{||y;|||i = 0,1,...,k} is the maximum over the norms of the iteraggsrom the initial

guess to the iterate in the stép Herea ~ 8 means thate — 5| < vwanda < 8 means thate < B
where3 ~ 3. The estimatd{3) shows, that the true Schur complementuraof [2) is proportional to the
parameter (the backward error of the inner systems withand it also depends an,.. The dependence on

Y &, which can affect the attainable accuracy especially ircése of an irregular convergence of iterates for
nonsymmetric problems, was also observed by Greenbaurh i2en the matrix3” A~ B is symmetric
positive definite, the convergence of iteraggsis monotonic (at least in the exact arithmetic). When we
choosey, = 0, we can usually replacg;, by 7 which is the computed solution dfl(1).

In following paragraphs, we give bounds on the maximum adtiaie accuracy in terms of the norms of the
residualsf — Az — By, and— BT 7.

Generic updatexy1 = =i + akp,(f): The norms of the residuals d&fi (1) satisfy
If = ATi — Byl < O@)(IF] + 1 AI Xk + 1B V), a)

I = B k|l S O@)IAT B+ 1 AIX % + | BIIY 1)
for large enouglk, where X, = max({||Zo|, Hai@(@)n |i =0,1,...,k —1}). This update is “optimal”,

since it needs only one solution of the system witper iteration step and produces thevhich belongs to
the null-space o37' to the working precision. However, there is a growth of themof f — Az, — By,
during the accumulation of the residuals of systems solne®ted# of the algorithm.

Direct substitution 211 = A7(f — Bygy1): The norms of the residuals dfl (1) satisfy

If = Az = By |l < OIS + 1Az + (1811751

T— || < -1 — — (4b)

| =Bzl S OMIAT MBI + IAIX % + [ BIY )
for large enought, where X, = max({||Zo||, |Z |, ||aiﬁ§”“')|\ |i = 0,1,...,k — 1}). The use of the
direct substitution scheme is suitable when the iterateare not needed during the iteration loop and it is
sufficient to compute it at the end.

Corrected direct substitution xj41 = x + A7Y(f — Azg — Byks1): The norms of the residuals
of () satisfy
If = ATy, — By || S Ow)(|[fI| + Al Xk + [ BIY 1), 40)
| = BTZx|| S OO AT IBIIF + 1AIXk + 1BV %)
for large enoughk, whereX, = max({|[Zo|l, |Zc|l, |@p || | = 0,1,...,k — 1}). The bound for the

norm of f — A7, — BY,, holds starting with somk, and relies on the additional assumption that the iterates
7, begin to stagnate fat > ky. It is similar to the residual update for the systetm;, = f — By, and
produces the accuraig, for the computed;, as indicated by the estimate.

Error estimates: Even though the residual estimates can differ depending@formula for the com-
putation ofzy 1, the norms of the errors — =, andy — v,, are of the same magnitude which is confirmed
by the following bound:

|z — Zrlla < &llf — AT — By, || + &IIBTA f — BT AT By, |,
ly = Tllpra—p < &IIBTA™ f — BT A7 By, ||

with & = o1 (A) andé&, = 0,1 (BT A~1B). Both bounds have the residual of the Schur complement

min min

system on the right-hand sides, which is proportional tndependently on the formula faf, 11 .
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Backward error estimate for the generic update: ~ We can also state the following backward error
estimate. For large enougf(whenﬂj’) ~ (), the iterates;, andy,, are solutions of the perturbed system

A+AA, B\ (zk\  ([+Afk
(™ 0) ()= ("),
where
k—1 k—1 -1
|AA] <l Al =7 (nfon +3° ||am§-”||> To+ > ap” (5b)
1=0 =0
and
O(u)k(A) - O(w)r(A) | -
A < -7 v 7 +||B||Y%), ||A < ———7||A B +||Bl|Y ). 5¢
18l < T = U1+ IBIT . 18gul < 7= =S 147 HIBIS + 11T (60)

Equations[{b) suggest that the computed solution is thdisolof the perturbed system where the pertur-
bation in the system matrix is proportionalt@nd the perturbation in the right-hand side is proportional

u. The coefficienty; is generally greater or equal tq but starts to stagnate at some moderate level when
the maximum attainable accuracy is achieved.

3. Null-space projection method

The second equation dfl(1) implies that the componsesiftthe solution vector belongs to the null-space of
the matrix B, i.e. x is determined by its components M(BT) (IV denotes the null-space of a matrix).
Projecting the first equation dfl(1) onfé(B”) gives

(I -IMA(I -z = (I -10)f, (6)

wherell = BT (BT B)~!B is the orthogonal projector onto the range®f This system is symmetric
positive semidefinite and it can be solved by an iterativenmetvhich produces the sequence of iteratgs
approximating the solution component The corresponding iteratg. can be found by solving the least
squares problem

ye = arg min [|f — Azy, — Bwll.

The algorithms of the null-space projection method are shimwFigurel2. In Stefpl3, we use the general
two-term iterative method determined by the choice of thealion vectorp,(f) and the step-lengthy,.
Since we solve the projected systdih (6), the direction vectwst be restricted t&/ (B7). We consider
four mathematically equivalent formulas fg¢, 1 in Sted¥. The only update which is used in practice (and
which we know about), is the generic update (see El@] [8hb@})we include also schemes analogous to the
case of the Schur complement reduction method.

In Step$I[} and 7, the least squares problems (denoted'Hwith the matrix B need to be solved. Since
we are not able to solve such systems exactly in practice uppcase that the computed solutiagnof the
least squares problefiw ~ g is the exact solution of the perturbed probléB+ AB)w ~ g + Ag with
max{||AB||/||Bll, |Agll/llgll} < 7 wherer > 0 is the backward error of the computed solution and it
satisfies inequality x(B) < 1 ensuring thaB + AB has a full rank. For the solution dw ~ g, we
use the Householder QR decomposition giving O(u) or the CGLS method with the stopping criterion
based on the backward error.

3.1. Behavior in finite precision arithmetic

Here we will analyze the maximum attainable accuracy of traputed approximatiors, andy,. In the

previous section, the updated residﬁ%l) was an approximation to the residual of the Schur complement
system. Now the projection of the updated resiual- II)7 is an approximation to the projected residual
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1. choose an initial guess, € N(BT) (e.g. zo = 0), solve Byy ~ f — Axy, computer((f) =
[ — Azo — Byo

2. fork=0,1,2,...
3. computey andpgf) € N(BT)

4. solveBp,(cy) =~ T,(:“') — akApEf)

5. updatery; = xx + akpgf)

6. updatet”, =" — a,Ap” — Bp”

7. computeyyyi:

(@) updateyi1 = yi + pi”

(b) solveByyi1 ~ f — Azg41
(c) solveBuy, = —Ap,(f), updateyi+1 = yr + v
(d) solveBuvy, ~ f — Axk11 — By, updatey+1 = yr + vg

8. end

Figure 2: Null-space projection method: four schemes for computing:, (a) generic update, (b) direct substitution,
(c) updated solution, (d) corrected direct substitution.

(I —II)(f — AZy). As soon as the updated residaglconverges far below the machine precision, we can
give the following estimate:

_OWun(B) -
(1_7.1%(3))2 (|‘f”+HAHXk)a (7)

where the quantityX;, is in this section defined a&¥; = max{|z;|||i = 0,1,...,k}. This bound is
independent on the scheme of the computation.@f and it shows that the first equation bf (1) is satisfied
accurately on the null-space & to the working precision. However, this does not say anyfhibout
how the equatiomlz + By = f is satisfied and it actually depends on the formulagfor;. There is also
another complication. Due to the restriction on the dimttiectors taV (B7), the accuracy of the second
equation of[[IL) depends on the algorithm used to solve thipged systen]6). Since projections onto
N(BT) are performed via the least squares problem \iittwe can state (in th@-notation) the estimate

(I =ID)(f — Azp)|| S

I = BT@|| < O(r)||BI[ X5

Now we show the estimates on the maximum attainable accdegmsnding on the formula feg,. ;. Since
the bound for the norm of BTz, is common for all implementations, we give only estimatesthe
residualf — Az, — Byy.

Generic updateyy+1 = yx + p,(f‘): The residual of the first equation @ (1) satisfies

_O(wr(B)_ -
i g1+ 141K, (82)

for sufficiently largek. As in the case of the Schur complement reduction methosl uhdate is optimal
in the sense that only one least squares problem needs tdviee per iteration step and the first equation
of () is satisfied accurately to the working precision.

If — ATy — By, [l <
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Direct substitution yy41 = BT (f — Azjy1): The residual of the first equation & (1) satisfies

_ _ O(1)k(B) - —
— A7, — By, || S ——————= Al X B|Y
17 = A7 = Bl S 2y (11 + 141K+ [ BIT), (8b)
for sufficiently largek, whereY';, = max{||7;|||i = 0,1,...,k}. This update could be suitable when we

need not to have an approximationtin every stepc. However, the residual remains proportionatto

Updated solutionyx 1 = yx + akBT(prEf)): The residual of the first equation @ (1) satisfies

— _ O(7)k(B) — —
— AT, — B < —F— Al X B|Y
17 = A7 = B S 7y (11 + 141K+ BT, (8c)
for sufficiently largek, whereY,, = max{||z;|||i = 0,1,...,k}. We have analyzed this update for the

sake of completeness and it should not be prefered, sineedtsthe additional solution of the least squares
problem withB and does not give good accuracy.

Corrected direct substitution yi+1 = yx + BT(f — Axp+1 — By): The residual of the first equation
of () satisfies

If = Az), — By, | < O(w)(If ] + [AIXx + [ BIIY k), (8d)

for sufficiently largek, whereY ), = max{|7;,|||i = 0,1,...,k}. This bound holds only when the iterates
Ty, Start to stagnate from some index

4. Numerical experiments
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Figure 3: Schur complement reduction method: the relative norms efréisidualsB” A~! f — BT A~ By, (solid

lines) and the updated residual’ (dashed lines) (on the left); the relative norths— Ty /||z — Tol|
(solid lines) and|y — ||l s a-15/|ly — voll T 4-1 5 (dashed lines) (on the right).

We illustrate our theoretical results on the model problakenh from the finite element package IFISS for
MATLAB. The testing problem is the Stokes problem

—Au+Vp=0,V-u=0inQ,

whereQ) = {[z,y] € R?| -1 <z < 1, —1 < y < 1}. At the inflow boundary: = —1, the Dirichlet
conditionis settmm = (1—1%2,0), atthe boundary = —1 andy = 1 we setu = (0, 0) and at the boundary

x = 1, the Neumann conditiofl, v, — p = d,u, = 0 is prescribed representing the natural outflow. This
problem represents the horizontal flow in the channel driverthe pressure difference between its two
ends. The problem is discretized using “Q1—P0” finite eletmevith the discretization parametler= 1,8
(thusn = 578 andm = 289). For more information, see e.g. the book by Elman et gl [10].
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. Scheme
T residual Generic update Direct substitution Corrected dir. sub.
If = ATpy — Bl 6.1776-10—15 | 9.4674.10~17 | 4.0377.10—17
I = BT 7, |l 1.5092-10~ 16 1.3898.10~ 15 1.3970-10~ 1%
O(u) HBTAflffBTAleg,m I 1.5495-10~ 15 1.5495-10 15 1.5495-10~ 15
H?}%) I 6.9460-10742 | 6.9460-10742 | 6.9460-10—42
If — ATy — By |l 2.1273-10~1 1.0223.10~1 1.6352-10 16
L I = BTz, |l 1.7414.1016 | 5.6991.1072 7.0881-10~ 2
o BT aA—1f — BTAleg,m I 7.0457-10 2 7.0457-10 2 7.0457-10 2
H?}C’t’)) I 4.3410-107 19 | 4.3410.10719 | 4.3410.1071°
If — ATy — BUgg |l 1.6594-10~° 8.0717-10—6 3.7002-10—17
e = BTEkO I 1.4235-10~ 16 4.9125.10 6 4.3974.10~ 6
o BT a—1f — BTAleg,m I 4.3974.10—6 4.3974-10—6 4.3974.10—6
H?}%) I 8.4592.10 32 8.4592.10 32 8.4592.10 32
If — ATy — BUgg |l 1.2463-10~9 5.8143.10— 10 3.0985-10—17
10 = BTEkO I 1.6542.10~ 16 3.2262.10 10 2.8892.10 10
10 BT a—1f — BTAleg,m I 2.8892.10 10 2.8892.10 10 2.8892.10 10
H?}%) I 1.9380-10~37 1.9380-10~37 1.9380-10~37

Table 1: Schur complement reduction method: the norms of the relidua Az, — By, ~BT%y,, BTAT f —

BTA—lBka and the updated residwéf)) (ko = 160) for various values of and for all considered schemes
(generic update, direct substitution, corrected direbsstution).

In Figurel3 we show the plots of the relative norms of the nealsl of the Schur complement systdih (2) and
the updated residua‘z‘éy) and the relative norms of the errars- 7, andy —7,.. These plots are taken from
the scheme with the generic update, but the behavior of theses is similar to all schemes. The plot on
the left confirms the inequalit{(3). It shows that the residd” A~! f — BT A~! By, is well approximated
by the updated residua Y) until the level proportional to the parameters reached. The similar behavior
of the errors shown on the right plot illustrates the facatttine errors of both components of the solution
are proportional to the parameteindependently on the formula for the computationcgf ; .

Table[d presents the values of residuals of the sysiémILpn@ the updated residual in the step=
160. In this step, the updated residual is already far below thehime precision and therefore we can
use the bound$X3) and (4) to estimate the attainable leVe¢teaesidualsf — Az, — By, — BTz,
andBTA~'f — BT A~' By, . The presented values of the residuals show a good agreevithrtheir
theoretical bounds.

In Figureld we show the plots of the relative norms of the nealsl(7 — IT)(f — A%} ) and the updated one
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Scheme
idual - - — - -
T residua Generic update Direct substitution Updated solution Corrected dir. sub.
(1 = m)(f = AT )l 3.0675-1016 3.0675.-1016 3.0675-10— 16 3.0675-10— 16
|- BTEk() I 1.0131-10— 17 | 1.0131.10—17 1.0131-10~ 17 | 1.0131.10—17
O(w) If — ATy — BTkl 3.3632-10 16 6.2103-10— 16 5.5196-10 16 3.1333.10 16
175, I 9.2584.10— 74 9.2584.10— 74 9.2584.10— 74 9.2584.10— 74
(1 = m)(f = Azg )l 6.2076.1016 6.2076-10 16 6.2076-10— 16 6.2076-10— 16
= BTEk() I 5.5589-10 2 5.5589-10 2 5.5589.10 2 5.5589-10 2
—2
10 If = ATy, — Bugg |l 1.1256-10—15 | 2.9618.10—2 1.6917-10— 2 6.2477-10— 16
175, I 1.3318-10— 20 1.3318-10~ 20 1.3318.10— 20 1.3318-10~ 20
(1 = )(f — Az )l 4.4186-10 16 4.4186.10 16 4.4186-1016 4.4186.10 16
= BTEk() I 1.5829-10 0 1.5829.10 6 1.5829.10 6 1.5829.10 6
-6
10 1§ — ATp — By, |l 5.6027-10 16 2.5101-10~ 6 4.7047-10° 4.4211.10 16
175, I 1.4050-10~23 1.4050-10~ 23 1.4050-10— 23 1.4050-10~ 23
(I = M) (f — ATp )|l | 2.9949-10716 | 2.9949.10716 | 2.9949-10716 | 2.9949.10716
= BTEk() I 2.0535-10 10 2.0535-10 10 2.0535-10 10 2.0535-10 10
—10
10 If — ATpy — Bl 3.9958.10 16 2.6784-10— 10 1.6171-10—9 3.0651-10— 16
7%, I 2.2410-10— 26 2.2410-10— 26 2.2410-10— 26 2.2410-10— 26

Table 2: Null space projection method: the norms of the resid(als IT)(f — ATk, ), — B  Try, f — ATk, — By,
and the updated residua}, (ko = 200) for various values of- and for all considered schemes (generic
update, direct substitution, updated solution, corredieett substitution).

(I —II)7% and the relative norms of the errars- 7, andy — 3,.. These plots are taken from the scheme
with the generic update, but the behavior of these normss similar to all schemes. The plot on the left
confirms the inequaliti]7. 1t shows that the projectidn- IT)(f — AZy) of the residualf — Axy, — By, is
well approximated by the projected updated residuiat IT)7; until the level of the machine precisiens
reached. Independently on the formula gt ,, the errors behave similarly and in all cases they ultinyatel
stagnate on the level proportional to the parameter

Table[2 presents the values of residuals of the sydtem @prthjected residudll — IT)(f — A=) and the
updated residual in the stég = 200. In this step, the updated residual is already far below thehime
precision and therefore we can use the boulills (7)[@nd (8]itnats the attainable levels of the residuals
f — Az, — By, —B' Ty, andBT A~ f — BT A~! By, . The presented values of the residuals show a
good agreement with their theoretical bounds.

5. Conclusion

The main reason of this contribution is to analyze the maxmattainable accuracy of the various schemes
of two main approaches used to solve the large-scale saddiegroblems — the Schur complement re-
duction method and the null-space projection method. Ttaénatble accuracy was measured in terms of
both components of the residual of the systEn (1) and in tefrbsth components of the errer— 7, and

y — Y. We have analyzed the influence of the rounding errors anih#hectness of the solution of the
inner system (the system with the matrixor the least squares problem wif). It was shown that the
attainable accuracy measured in terms of the errors waasifar all considered schemes and it is propor-
tional to the backward error in solving the inner systemswileer, the behavior of the attainable accuracy
in terms of the residuals dfl(1) was shown to be depenent onttbsen scheme of the computation of the
secondary component of the solution. Some schemes leathtdtly to residuals that are on the level of the
machine precisiom; especially the cheapest generic updates give the appativins that satisfies either
the first or the second equation B (1) to the working accurabye similar observation can be made in the
case of the corrected direct substitution formulas.
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Abstract

Feasibility of common framework for the data assimilatiom @ownscaling methods is investigated
and discussed. Assimilation of measurements from grourel tzone stations with limited representa-
tivity to chemistry transport model is selected as an exarapld first results with simple decomposition
to the local and background component are presented.

1. Introduction

Traditionally, data assimilation in environmental modslsleveloped in the context of single scale. Reso-
lution of a numerical model is given by the time discretiaatand grid spacing. Our typical objective is to
find the ‘analysis’, which is as good estimate of reality asgilole. In modern data assimilation techniques
we usually combine information given by numerical model &ydobservations, as well as information
about statistics of model and observational errors. Rieguéinalysis is defined on grid of numerical model
and can be used, e.g., for further time integration or amirdhd/or boundary condition for another coupled
model.

Our efforts go beyond classical data assimilation — we damit to have an estimate of model state as
good as possible, but we also want to use information abodemobservations and their respective errors
for improved local predictions. This subject is often texhby downscaling methods or the model output
statistics, but while some of these methods can utilizeecuitwbservations, they don’'t use them to improve
prediction of (coarse) numerical model and they don’t uses® model error statistics.

Local prediction is useful in number of cases. Here are sotameles:

Wind direction and speed in location of wind farm or eveadfic wind turbine.
Prediction of road ice in given location.

Prediction of pollutant concentration in a specified placan urban area.

i

Short-term prediction of wind field and of tracer dispersin the vicinity of accidental release during
dangerous goods transport.
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All four cases are very useful applications of enviromentablelling that show several common features.
We are interested in local properties of atmosphere anditpéa of essential importance in these cases.
While mesoscale NWP (Numerical Weather Prediction) moaietsor CTM (Chemistry Transport Models)
are the best sources of information available, they lacldired space resolution. We need another model on
top of mesoscale model(s) whose role is to downscale théqgpieto the required location and resolution.

Models used for the downscaling vary depending on apptinasind available data. The most widely
investigated case of model output statistics is perhapdirstecase above and models used in literature
range from purely statistical regression and neural neéta/onodels to fine resolution CFD (Computer
Fluid Dynamics) models.

Important aspect of aforesaid problems is that the finerc¢héeds, the more relevant is to predict the value
togetherwith its confidence interval or even to predict the whole @ioibity distribution for non-gaussian
quantities (e.g., road ice). Since the predicted quantty lze highly sensitive to the state of atmosphere
(in atmospheric chemistry for example) and we lack the spaeeaging that helps in mesoscale models,
the prediction errors might be very large in some cases. ifigians that sometimes the information about
prediction error is even more important than the valuefitsel

Data assimilation framework gives us two basic benefits fawrscaling. It gives us information about
mesoscale state error statistics — this is especiallyg$tifairward for data assimilation based on ensemble
methods. The simplest approach would be to perform dowimgchdr each ensemble member and regard
the output as a sample from downscaled prediction. Thiscgmbris perhaps oversimplified because the
resulting ensemble will lack information about error sttitis of downscaling model, but there should be a
remedy to this problem. The second benefit of data assimnldtamework is the possibility to feed back
the measurements into either mesoscale or downscalinglnidde possibility is perhaps less pronounced
for mesoscale NWP models where the analyses usually use 199 vadous observations and quality is
so high that assimilation of local observation might evetederate rather than improve the prediction.
Usefulness of assimilation together with downscaling irsaseale air quality model will be demonstrated
in the next section and other possibilities of data asstinilealso in downscaling model will be discussed
in conclusion.

The first of listed cases is the example where a number oficidssethods of downscaling is being used in
practice. Assimilation of measurements (of wind or powerdurction) back to the models is probably not
important. Prediction of power production for a number adigally distributed wind turbines can even help
to cancel local wind turbulation and improve the forecadt. dRrediction is useful even without confidence
intervals but probabilistic forecast would be certainlyearhancement.

Importance of probabilistic forecast is the main differefetween the first and the second case. We are
definitely interested in probability of road ice and a stated model based on meteorological precursors
could be appropriate solution. The design of a statisticatieh will depend on availibility of historical
measurements and it could take into account the uncestamibeteorological data.

The third case is an example when it makes sense to assitnitalaneasurements back into the mesoscale
model. Exact method and the first results are selected asargdration of downscaling in data assimilation
framework and will be main topic of the next section.

Final example is the most difficult among listed cases. Theusually not enough information to construct

either deterministic or statistical downscaling modelefighis no fine resolution model of terrain for CFD

modelling and there is no history of model and observatidnasfor statistical models — at least not at
time of occurrence of an accident. Classical downscalinthous are therefore not applicable in this case.
Design of model for local prediction in this case is a matfduaher investigation.
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2. Local observations in the air quality data assimilation

Data assimilating systems for tropospheric ozone modgHimd prediction are currently being proposed
and developed]L1]2]. The most common source of observafaworsr quality data assimilation are ground
level stations that measure in situ concentrations of ingmbpollutants. However, the spatial represen-
tativity of measurements differs greatly from station tatistn and can vary from order af?>m to 10°m.
Current practice is therefore only to assimilate the stetiwith the largest representativities — usually ru-
ral background stations, since only those stations havesunements aplicable on the scale of CTM. On
the other hand most of stations are in urban areas wheretlgeiaity has the biggest impact and where
mesoscale models are not suitable for modelling and fotecdgollutant concentrations.

We have proposed and evaluated a data assimilating systarofospheric ozone prediction with assimi-
lation of rural background stations! [3]. In this contritartiiwe propose how to enhance system and how to
allow it assimilate stations with smaller representafigitd also how to improve local predictions of ground
level ozonell4]. A test example of simple downscaling in degsimilation framework is also presented.

Our version of data assimilation is based on ensemble Kafittenin square root formulation with local-
ization and inhomogenous model error representafibhl [5,Tégditional discretized stochastic model of
atmosphere evolution can be written as:

xj, = M(x)_1) + vk 1)
yi = H(x}) + ex (2)

wherez! is vector representing (inaccessible) discretized tratestf atmosphere in timestépon model
grid, M is model of atmosphere used for time integration of stat@#gom andv;, is model error in timestep

k. yi is the vector of observation in timestgépH is observation operator connecting observation and model
state space ang is its error in timestefk. ¢, is usually described as instrumental and representation er

Observation operator in continuous space for a single @htieny; has usually the forni{7]

wi= [ @ste)de +<() @

whereh is function connecting observation with physical spacel, gr;, y;) aperture function depending
on type of observation. For in situ observation (s, y;) = 6(xz — y;) the Dirac delta function. For remote
instruments (e.g. radars, lidars, satelites) impliés, y;) weighted area averaging over its support. For
discretizated version it means tHdtis usually weighted average over values in some set of gindpe set

of the nearest neighbours for in situ measurements or arlaggdor remote observations.

We want to modify the equatiofil(2) of stochastic model to em@ more general downscaling model
instead of observation equation. The basic idea is to deosenpzone concentration to mesoscale compo-
nent and local component. Decomposition is based on themgsin that part of ozone concentration have
origin in long range transport of precursors and mesoscakgther conditions, the second part is added or
substracted depending on local emmisions, deposition tred sub-mesoscale effects. The local compo-
nent was estimated by very simple statistical model as 7raaying average of the model update for the
given hour of day — this reflects sometimes a strong diurnelecgxhibited in 0zone concentrations or a
persistent bias. Modified stochastic model of atmosphearevs

X, = M(X}_1) + vk (4)
yi = H(x}) + 2z}, + ek (5)

where the local component of ozoggis modelled as

6
1
zj, = - Z dj,_p4; + (6)
i=0
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whered}, is model residual:

di = yr — H(x}) (7)

We focus on testing the feasibility of the approach and ddmydb find optimal solution fox andz simul-
taneously. We simplify solution by first estimating the Iboamponent at the location of observations and
then substituing our estimate into equatibh (5) and soleiagsical filtering problem. The solution gives
us an estimate of mesoscale state. We want to estimate a wétanget variables} (as e.g. local ozone
concentrations, probability of icing in specified pointprieur testcase concerning ozone concetrations it
is simply a sum of mesoscale analysis and local compatgfent H(x}) + z§, where superscript denotes
analysis. For linear observation operator and update equitr Kalman filter we can write:

af = H(xf) +zf = H(x]) + H(Kx(yr — H(x]) — zf)) + 2 (8)

Superscriptf denotes forecask’;, is Kalman gain matrix an& (yx — H(xﬁ)) is analysis increment.

Forecast of mesoscale componentis done by the NWP and CTMe;@nd forecast of local component
is done by persistent model, i.e. it repeats 24-hours oldevdhdexp denotes prediction horizofl < p <
24), and MP meang successive applications of atmosphere model

al, =H(x,,) +2l,, = HIMP(xR) + 25, 2 9)

Inspired by the equatiofil(8) one could also alternativelydrpredict analysis increment — in this case also
by a simple persistent model:

q£+p = H(MP(x})) + H(Kktp—24(Yrtp—24 — H(X£+p—24) - ZZ+p—24)) + Zz+p—24 (10)

3. Testcase and results

Testcase configuration was chosen to be as close as possipetational system MEDARD[8] in the
Institute of Computer Science in Prague, because one ofdaks ¢gs to make data assimilation usable in
operational mode. Selected NWP-CTM model couple was MMBJ(PBCAR) and CAMXx (Environ) with
NCEP FNL analyses as initial and boundary conditions. Mapliel is identical to the outer domain of
MEDARD system and ha80 x 65 cells with 27 km horizontal resolution, covering westerrd aentral
Europe. CAMx model has 12 vertical levels and uses SAPR@P&Hemistry mechanism.

Ozone epizode modelled took place in 24—-29 June 2001. Twocueweeks were used for model cal-
ibration and spinup. We assimilated observation®gf NO, andNO, from the Airbase databask [10].
640 stations was selected for the assimilation — among th&mmaountain stations and urban background
stations that are usually not assimilated due to repretetytand/or bias problems.

We wanted to stay close to prospective operational mode dfttb2r tropospheric ozone prediction was
made for the analysis at 5 p.m. Typical behaviour of locatéaist compared to observation on station is
illustrated in figuregNE5.
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code= AT0022A:Graz Nord

o3
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I
24JUNGCT:00 26.JUNO1:00 26JUNO1:00 27JUNC1:00

28JUNO1:00 29JUNCT:00 30JUMO1:00

datetime

Figure 1: Observations and forecasts for selected station (GrazriausCrosses: observations, dash-dot curve: esti-

mate of local component, dash-curve: mesoscale madet{)), solid curve: target variablq-,z containing
term for analysis increment prediction (equatibnl (10)).

code= FROS30A:STG Sud

03

—100

24JUNGT:00 25JUNO1:00 26JUNOT.00 27JUNO1:00 28JUNO1:00 29JUNGT:00 30JUNOT.00

datetime

Figure 2: Observations and forecasts for selected station (StragbBrance). Crosses: observations, dash-dot curve

estimate of local component, dash-curve: mesoscale matiet/()), solid curve: target variablq£ con-
taining term for analysis increment prediction (equat@m@)j.
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Figure 3:

Figure 4:
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code= FRO972A.C HAMONIX

24.JUNGC1:00 25JUNO1:00

26JUNCT:00 27.JUNO1:00 28JUNO1:00 29JUNCT:00 30JUMO1:00

datetime

Observations and forecasts for selected station (ChamBraxce). Crosses: observations, dash-dot curve:
estimate of local component, dash-curve: mesoscale matiet()), solid curve: target variablq}: con-
taining term for analysis increment prediction (equat@@)y.

code= ATOT7BA:Lienz Sportzentrum

24JUNG1:00 25JUNO1:00 26JUNGT:00 27.JUNO1:00 28JUNOT.00 29JUNCT:00 30JUNOT.00

datetime

Observations and forecasts for selected station (Liengtri). Crosses: observations, dash-dot curve: esti-
mate of local component, dash-curve: mesoscale madet{)), solid curve: target variablq£ containing
term for analysis increment prediction (equatibnl (10)).
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code= GBOO4SR:WICKEN FEN

—100

24JUNGCT:00 26.JUNO1:00 26JUNO1:00 27JUNC1:00 28JUNO1:00 29JUNCT:00 30JUMO1:00

datetime

Figure 5: Observations and forecasts for selected station (Wicker BK). Crosses: observations, dash-dot curve:
estimate of local component, dash-curve: mesoscale matiet(), solid curve: target variablq£ con-
taining term for analysis increment prediction (equat@@)y.

Figure€l anfl2 belong to urban stations with strong diuryekc This cycle is not sufficiently described by
mesoscale model. Model of local component rectifies thigtiiin and local component increases with the
beginning of the ozone episode. Figuks 3[End 4 representtaiaistations with high orographic error and
probably also inadequate traffic emmisions. Mesoscale hooadepletely lacks the strong diurnal cycle that
must be modelled by downscaling model. High persistencéngfle moving average model causes worse
performance in detection of the end of episode in the caséeofzstation. Figure 5 belongs to background
rural station that is already accurately modelled by meglesnodel. Local componentis negligible in this
case.

First plot in figured[® shows that forecast combining mesascabdel and downscaling model easily out-
performs pure mesoscale model in prediction of ozone cdretons in location of measurement stations.
Second boxplot shows that also classical statistical doalimgy even with very simple statistical model

brings some improvement over the pure mesoscale forecagprovement is seen in last two days of
episode but not elsewhere. Last plot compares errors ofickisstatistical downscaling with statistical

downscaling inside of data assimilation framework. Theelamnethod is better in all days except the last
one.

4. Conclusions and future work

Test case of data assimilation and downscaling in air quadibdel showed that for local forecasts even
simple downscaling model is much better than mesoscale nagmee. Downscaling within data assimila-
tion framework exhibited better skill than model outputistics alone. The best results were obtained with
predictor containing also the forecast of analysis increim@&his could be attributed to the systematic part
of air quality model bias. Combination of downscaling andsoszale model also allowed us to use local
observations that are usually unusable in traditional datmilation due to large representativity errors.
The testing period was quite short for a statistical verifazabut the first results are encouraging.
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Figure 6: Boxplots of mean absolute errors of forecasts. Left siderijgons belongs to thin full boxes, right side
belongs thick empty boxes. Center resp. bottom and top oédbogpresent median resp. 1st and 3rd
quartile of the error distributiorree runis 1 day ahead forecast of mesoscale model started fromsathly
state. Free run,post.is 1 day ahead forecast of mesoscale model with separatesdalimg from data

assimilation.Forecastis 1 day ahead forecast of mesoscale model with the modeteaf tomponent and
analysis increment.

Our case demonstrated that combination of downscaling moaesoscale model and data assimilation is
beneficial even for very simple downscaling model. Therenaa@y possibilities for further development
and improvement of presented methods. Downscaling modebeamuch more sofisticated. Explicit
forecasts of the error covariances and confidence intewhish were omitted in our testcase is another
topic that should be investigated. Analysis scheme can Ipeoived to analyze simultaneously local and
mesoscale component and provide better approximatiorediéist estimate in sense of the least squares or
maximum likelihood. Careful modelling of error covariasds important in this case, since downscaling
and mesoscale model can interact and compete for the exiolawd residual variance.

There are further possibilities to investigate that are engpecific for different cases. For example in
case of nowcasting of accidental release (4th case in inttazh), the model for downscaling can be a
simple model accounting for terrain and landuse forcing imfdiield. This model can adapt and refine its
parameters with an increasing number of observations. ©mhdel for downscaling can be deterministic

large-eddy simulation model. Data assimilation in tramiitil sense can be then performed in both mesoscale
and large-eddy model.
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Abstrakt

V €lanku popisujeme procedury a nastroj Onfram vyvenpto usnadnéni a zrychleni tvorby lokali-
zovanych Ceskych biomedicinskych ontologii. Na$stup je zalozen na vyhledavani konceptd v
korpusu medicinskych textll a jejich pfifazeni @igklim v nékteré zavedené mezinarodni ontologii
(tzv. zakladové ontologii Takto vznikla ontologie dvé hlavni vyhody: je komimeini s nékterou z
mezinarodnich ontologii a potencialné pokryvaehiny fraze pouzivané v teském zdravotnictvi.

Nastroj podporuje tviirce ontologie tim, Ze se snaitomatizovat nékteré rutinni Gkoly vyskytujici
se v prlbéhu tvorby ontologie. Nastroj se pfedevsimzs naucit, jak identifikovat koncepty v textu a
jak je namapovat na zakladovou ontologii. Nastroj sepaStupné. Tak jak autor ontologie zpracovava
dal$i dokumenty, ucici mnozina se zvétsuje amagbskytuje lepsi odhady. Po identifikaci koncept,
predklada nastroj své navrhy uzivateli. Terdtpfijme nebo opravi. Na zakladé této zpétné vazastioj
upravi pravidla pro identifikaci konceptl. Uteni adya extrakénich pravidel probiha pomoci metod
zpracovani pfirozeného jazyka a nastroje na extraiformaci.

1. Uvod

Inteligentni medicinské systemy (IMS) pomahajkd&m navrhnout a fidit 1ecbu specifickou pro jed-
notliveho pacienta a poskytuji okamzité navrhy nepozornéni o zménach v zdravotnim stavu pacienta.
Navic napomahaji lekaflim organizovat Ietbu tddy lyla v souladu s doporu¢enymi postupyse jedna o
obecna doporuceni vydavana odbornymi spolecniastino o technicko-organizacni pravidla konkrétniho
zdravotnického zafizeni. Takovy pfistup k leckede k zlepSeni poskytované péce na strané jedee a k
snizeni vydajll za tuto pé&i na strané druhé. &hjim Uhlu pohledu IMS prebiraji rutinni ¢ast leafprace

a lekaf tedy muize pracovat efektivngiji.

Aby IMS mohly plnit tuto Glohu, musi byt schopny pracowabdpovidajici medicinskou znalosti. Tato
znalost musi byt navic poskytnuta ve formé, kteréa jéifa&ove zpracovatelna. Dale musi vhodné pogisov
oblast mediciny od elementarnich skute¢nosti azgdmivkomplexni situace, a zaroven byt pokud mozno
univerzalnia znovupouzitelna, protoze vytvorekiovéeto znalostni reprezentace je nakladné a Gasawnii
narocné. Pro nékteré medicinské aplikace, jakdikbgnl rozhodovani v kardiologii, se zda byt nejgép”
znalostni formalizaci spliujici vySe vyjmenoeanitologie

K pfednim biomedicinskym ontologiim patfoundation Model of AnatomgFMA) [IL], Systematized
Nomenclature of MedicinESNOMED) [2] a Unified Medical Language SystefdMLS) [3]. VSechny

z téchto ontologii vznikly na tzemi Severni Amerikyaustfedi se tedy pfedevsim na podminky a postupy
obvyklé ve zdravotnictvi v této Casti svéta. Polékteré z téchto ontologii v aplikacich v Ceskénawot-
nictvi narazi kromé jazykové bariéry (vSechny deeé ontologie jsou primarné v anglictiné a v rlizriéem
pielozeny do francouzstiny, Spanglstiny, ném@meékolika dalSich jazykl) i na rozdilnost zdravetwi u

nas a v Severni Americe. Pfikladem takového rozditwjpouZivané léky: nékteré zde bézné pou&van
Ieky nejsou dostupné v Severni Americe, a proto nejsdouegprezentované v prislusné ontologii. Pfimé
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pouziti nékteré ze zavedenych mezinarodnich biticieskych ontologii tedy neni mozné. Zaroven ale
efektivné neexistuje zadna Ceska medicinskalogte, a ani neni Zzadna vyvijena.

Bez vhodné biomedicinské ontologie ale neni moZznéjeynebo nasazovat IMS do praxéeské repub-
lice. Tuto mezeru se snaZi preklenout nastroj Onfranetony, popsané v tomto ¢lanku. Onfram je nastroj
ureny k ulehceni vyvoje biomedicinské ontologleodné pro vyvoj IMS. Tvorba €eské biomedicinské
ontologie je zalozena na tom, ze v anglicky mluvicitfastech jiz existuji IMS, které jako znalostni zdroj
primo vyuzivaji nékterou z vySe jmenovanych datpi.

Nejjednodussi postup, jak vytvofit ontologii, spjiti vySe uvedené pozadavky je identifikovat v konpus
reprezentativnich textdl povrchové frdka namapovat je na koncepty v n&jake existujzakladow) on-
tologii. Pokud takovy koncept v zakladové ontologii ristuje, je potfebny koncept vytvofen a autorem
vloZen do ontologie, v€etné odpovidajicich relacistatnimi koncepty.

2. Metody

PFi vyvoji nastroje jsme se zabyvali otazkou, jak je zné zrychlit a usnadnit vyvoj Ceskych
biomedicinskych ontologiiSlo nam hlavné o to, zautomatizovat nékteré ¢astcgsa vytvareni ontolo-
gie, jako napfiklad identifikaci povrchovych frazi extu a hledani odpovidajicich protéjskil v zaveslen
mezinarodni ontologii. Jsme tak schopni vyuZit Gisiliestované do vyvoje dané ontologie. Tento zplsob
vytvareni stale vyzaduje odbornika z oblasti tvodmtologii, ale diky vyvinutému nastroji bude pracovat
rychleji.

Ceska ontologie vytvofena timto zplisobem neni gaupfekladem zakladové ontologie, ale je odvozenou
ontologii, ktera sice do znatné miry pfejima stuukt zakladové ontologie, ale na rozdil od ni dokaze
popsat procesy v ceském zdravotnictvi. Odvozena ogtelnavic obsahuje pouze koncepty, které se v
teském prostredi skutetné vyskytuji. Na druhoarsirdiky provazani odvozené a plivodni ontologielgou
jednoduché propoijit systémy, zalozené na téchtologtizh.

Ve dvou nasledujicich oddilech stru¢né popisSeaidazini metody, na kterych je Onfram zalozen. Veitfet’
Casti bude strucné popsan vznik odvozené ontologie &tvrté ¢asti rozebereme nékteré kroky tohoto
procesu detailnéji.

2.1. Extrakce informaci

Obor nazyvany extrakce informaci (information extiant IE) se zabyva metodami automatického
ziskavani informaci z volného textu. Existuje mnohetod a pFistupll. V soucasnosti jeden z nejlepsich
algoritmd LP [4], je implementovan v nastroji AMILCAREL]5][16]. Tentoastroj jsme zvolili, protoze
podava dobry vykon, a je vhodny pro interaktivni gau " AMILCARE navic poskytuje Java API a je tedy
snadno integrovatelny. AMILCARE vyuziva uceni i@em: na zakladé korpusu dopfedu anotovanych
textll (v kazdem dokumentu jsou vyznaceny informacergthceme extrahovat) generuje systém extrakéni
pravidla. Na zakladé téchto pravidel jsou pak z nearam§eh textli extrahovany pozadované informace.

AMILCARE neni schopen sam o sobé provadét jazykovalyau textu. Toto neni problém, pokud je text
vhodné strukturovan. Vétsina medicinskych tejalk, se v prlibéhu vyvoje ukazalo, viak neni dostadetn
strukturovana. Nastésti je AMILCARE schopen vywdddatecnych informaci o textu, v€etné jazykovych.

2.2. Zpracovani pfirozeného jazyka

Zpracovani pfirozeného jazyka (Natural Language &seimg, NLP) je obor, jehoz zajmem je pocitatové
zpracovani pfirozeného jazyka takovym zplisoberkp jAy pocita¢ do urcité miry jazyku rozumél.
Porozumeéni jazyku pocitacem je obecné velmi sjopitoblém, ktery neumime dnes uspokojivé fesit.

1povrchova fraze je tast textu, ktera oznacuje ngladnkrétni koncept. Riizné povrchové fraze mohouadpvat stejny koncept,
napfiklad glaukoma zeleny o¢ni zakal Na druhou stranu jedna povrchova fraze mlize v zéastisioa kontextu oznatovat rlizné
koncepty,napfiklad teplota fyzikalni veli€Cinaversussymptom: zvySena télesna teplota
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Nicméné existuji nastroje, které pro praktické zitiimoziuji s uspokojivou presnosti provadétrfoe
logickou a syntaktickou analyzu textu.

Tyto nastroje jsou tak schopny poskytnout dodatecn@rméce o textu vyuzitelné programem na extrakci
informaci, a tim zvysit Uspésnost extrakce. K tomu€elu vyuzivame €esky lemmatizer a morfologicky
analyzator, ktery je soucasti Prazského zavisib® korpusulll7],[[8]. Tento nastroj je schopen poskwtno
fadu informaci o zpracovavaném textu. V soucasnagizivame pfedevsim informaci o slovnim druhu,
padu, Cisle a slovnim lemma (napf. infinitiv u slovesyrp pad jednotného €isla u podstatnych jmen,
zajmen, etc.). Lemmatizace je pro zpracovani ceskggtti velmi dlileZita, bez ni je prakticky nemozné
ztotoznit rlizné tvary teéhoz slova a tedy identifikopatrrchové fraze oznatujici stejny koncept.

2.3. Tvorba ontologie

Proces vytvafeni nové ontologie se sestava zddfiniich fazi. V prvni fazi je zvolen zplisob reprezere
znalosti. To zahrnuje rozhodnuti o zplisobu reprezenkamceptll a vztahli mezi koncepty. Ve druhé
fazi jsou identifikovany koncepty. Ve tfeti fazi jsomlezené koncepty zaclenovany do ontologie — jsou
definovany rlizné relace rliznych typli mezi konceptg sutecnosti je proces tvorby ontologie daleko
komplikovanéjsi — jednotlivé faze se prekryvaji.

Pro Usporu €asu je pfi tvorbé ontologie racionalniiig co nejvetsi mnozstvi prace, ktera jiz bylablasti
tvorby ontologii vykonana. Proto se snazime vyuXistijicich mezinarodnich ontologii jako zakladpr
vytvafenou ¢eskou ontologii. Nejprve tedy vyberemidaédovou ontologii tak, aby jeji struktura a definice
typl a vztahl odpovidala zamyslenému vyuzitikéesntologie. Tato ¢ast ontologie bude téméf beze
zmény prevzata. Tento pfistup je mozny diky toney,jak ukazuji naSe pozorovani, existujici mezinkui
biomedicinské ontologie ontologie jsou nevhodné k pogevil v teském zdravotnictvi pouze proto, Ze
neobsahuji potfebné koncepty. Struktura typli a wzjahyhovujici a proto miize byt prevzata.

V druhé fazi je zpracovavan korpus textll a jsou v nérlgglavany povrchové fraze, které budou pozdgji
mapovany na koncepty ontologie. Formalné je mozn&aiittkorpus z libovolnych textl, ovéem z hlediska
Uspésnosti extrakce informaci je vhodné, aby se jledmao nejvice homogenni skupinu texttl, ve kterych
je informace odvoditelna spise ze struktury a syntaxezagesémantiky. Pfikladem takové mnoziny jsou
napfiklad pFibalové Iékové informace. PFi vhadzvolenych textech mlize byt vyhledavani povrghuv”’
frazi CasteCné zautomatizovano a tedy urychlenorplis je nastrojem zpracovavan na pozadi tak, jak
uzivatel prochazi dalSi dokumenty v korpusu. Ngsiydhledava povrchoveé fraze a uzivatel jeho navrhy
opravuje a doplfiuje. Na zakladé této zpétné vazbyesyspresnuje pravidla pro extrakci povrchovych
frazi. Jak nastroj pro extrakci informaci, tak nagwom zpracovani pfirozeného jazyka, byli vybrany tak
aby umoznovaly interaktivni reakci na rozhodnutivatele.

Ve tfeti fazi je kazda povrchova fraze identifiko@anpfedchozi fazi prfelozena do anglictiny a je tdeggji
protéjSek v zakladové ontologii. Pokud je hledagpésné, je povrchova fraze pfifazena konceptuudok
koncept nalezen neni, je potfeba provést namapoué&nérnebo v nové ontologii vytvofit koncept novy.

2.4. Extrakce povrchovych frazi a i fazovani konceptd

P¥i vytvareni ontologie na zelené louce neni k dispozadny pocitaCové zpracovatelny zdroj, kromé
zakladové ontologie a jednoduchych slovnikli jako fildad seznam diagn6z. Nejprve dojde k
pfedzpracovani korpusu textll: kazdy dokument jeoandticky doplnén lingvistickymi informacemi. V
soutasnosti to jsou morfologické znacky a slovni lemiake obecné se miiZze jednat o libovolnou infor-
maci o syntaktické nebo sémantické roviné textu,&tey ' mohla pomoct s identifikaci povrchovych frazi.
Prikladem jsou informace o struktufe véty.

V nasledujici fazi uzivatel prochazi a zpracoagednotlivé dokumenty. Po nacteni dokumentu nastroj
nejprve oznati koncepty na zakladé néjaké pomoeskivniku, napiiklad seznamu Ikt [9]. Dale jsou ap-
likovana extrakéni pravidla generovana na zaklad&pracovanych dokumentll (pfi zpracovani prvniho
dokumentu zadna takova pravidla neexistuji). Pogwéhfraze oznaené v predchozich dvou krocich

jsou zobrazena uzivateli k posouzeni. UZzivatel dopeni pfijme, opravi nebo dopini. Na zakladé oprav
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ucinénych uzivatelem, nastroj upravi extrakéravidla.

V tomto okamziku jsou vSechny povrchové fraze v dokutoedentifikovany, ale mnoho z nich je ve tvaru
sloZenych jmennych frazi, které musi byt pfedsilal zpracovanim rozlozeny. Rozklad je v soucasr#do
provadén heuristicky, algoritmem, ktery bere v Gvalwagtatna jména, spojky, interpunkci a zavorky ve
sloZzené jmenné frazi. Zavorky obvykle obsahujk{#t obecnéjSiho konceptu, ktery zavorce predcha
Carky a spojky odd&luji jmenné fraze obsahujicjrétepodstatné jméno (pfipadné rozvité), ale drahé
pfipadné dalsi vyskyty tohoto podstatného jmé&muaijvynechany. Algoritmus se pokousi rozdélit slaien
frazi a znovu zrekonstruovat jednoduché jmenné frazeichZz se sklada. Vysledné jednoduché jmenné
fraze jsou zobrazeny uZzivateli jako navrhy, ktery mézmost je opravit.

Nakonec jsou povrchové fraze pfifazeny konceptlinakiadové ontologii. Proces pfifazeni povrchovych
frazi konceptu miize byt automatizovan, pokud jeydemricept v zakladové ontologii obsazeny. V nasem
testovacim pfipadé je jako zakladové ontologiezimuUMLS. Povrchové fraze (v ¢estiné) jsou preloye
do angli¢tiny pomoci ¢esko-anglického slovniku slitvseznam.cz. Pfekladovy modul zkousi prekladat
frazi jako celek i po jednotlivych slovech. Vysledkemegladu je tedy mnozina potencialnich vyraz.
Tento pfistup je mozny diky tomu, vSechny preklastyy v dalsim kroku testovany proti UMLS databazi a
tak jsou vylouceny vSechny nesmyslné preklady.

Preklady povrchovych frazi jsou testovany pomodikagniho serveru UMLSKST10]. VSechny koncepty,
které se shoduji s pfekladem povrchovych frazi, jpalk zobrazeny uzivateli, aby vybral ten spravny.
Uzivatel ma také moznost ru€né zadat na ktery kohsepna povrchova fraze mapovat. Ru¢niho mapovani
je vzdy tfeba, pokud se vhodny koncept v zakladové logionenachazi.

Onfram umoznuje vlozit novy koncept na zakladé tobe se v ontologii nachasburozenetohoto kon-
ceptu. Napfiklad antihistaminikum Flonidan, v UMLS neabené, bude mit vétSinu relaci stejnou jako Iek
Zyrtec, tedy konceptv UMLS obsaZeny. Nastroj umo&fupjit relace, ve kterych se vyskytuje sourozenec
(Zyrtec) nového konceptu (Flonidan) a pro novy koncefgvantni vztahy “zkopirovat”.

3. Vysledky

V priibéhu vyvoje byl nastroj Onfram testovan na ré&amproblému: tvorbé ceské Iékové ontologie na
zakladé pribalovych letakll. Nejprve byl vytvof&orpus 200 pfibalovych letakl, které byly nahodné
vybrany z vice nez ti tisic pfibalovych letaldkd dostupnych Ceské republiceJspésnost nastroje byla
méfena po zpracovani poloviny dokumentli. Dlivodero bye extrakce povrchovych frazi je zalozena
na ucicim se algoritmu, jehoz UspéSnost roste s#3myici se trénovaci mnozinou, tedy mnozinou jiz
zpracovanych textll. Ostatni pouZité metody, jakogeazovani pfirozeného jazyka nebo mapovani povr-
chovych frazi na koncepty, nejsou v aktualni verzi @nfu ovlivnény zpétnou vazbou uzivatele a proto
jejich Uspésnost nezalezi na mnozstvi zpracgehmokumenttl.

Vysledky jsou uvedeny v tom poradi, v jakém po sobéledhsgi jednotlivé kroky, jsou v procentech a
zaokrouhleny na cela Cisla.

Nejprve probéhlo obohaceni testu o jazykovou informadiorfologicky analyzator a lemmatizator byl
Uspésny v 96 procentech pfipadll. To je velmi dobygledek, vzhledem k tomu, Ze tento nastroj byl
vytvofen na zakladé korpusu obecnych textil, jakarikdged novinové ¢lanky, romany, etc.

Dale byly vyhledany v textu povrchové fraze. Nastrop gxtrakci informaci dosahl Gpinosti (recall) 78
procent a presnosti (precision) 93 procebispésnost rozkladu slozenych jmennych frazi nagelliché
byla 64 procenta.

P¥i prekladu byl pouzit on-line slovnik slovnik.senaz, ktery ma dobré pokryti v oblasti mediciny. Sed-
mdeséat osm procent povrchovych frazi bylo pfelozepravné (v tom smyslu, ze hledany preklad byl v
mnoziné moznych prekladil, kterou vratil preklagionodul). Zhruba 11 procent povrchovych frazi bylo
namapovano prfimo prostfednictvim rozhrani UMLS Ktexdge Source Server (UMLSKS), které je dos-
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tupné nall1D]. Toto rozhrani toleruje pfeklepy stejak unifikuje slova, jejichz pravopis kolisa. Timto
zplisobem se dafilo najit protéjsky slov latinskéhieekého plivodu, protoZe pravopis téchto slov se v
cestiné a anglictiné lisi jen lehce (napfiklaghbokalemiezersushypokalemi® Celkové bylo automaticky
prelozeno a spravné namapovano 75 procent povraioiviizi. Uzivatel pouze provadél vybér v momentg,
kdy bylo na vybér vice moznych mapovani.

Pro zbylych 25 procent povrchovych frazi nebyl nassehopen navrhnout Zzadny mapovani. Tato skupina
frazi se sestavala z frazi, které maji v UMLS prée&d, ale nebyl nalezen (nap€lunkovit deprese ST
versusU-shaped ST depresipr celkové 17 procent vSech frazi; a frazi, jejichbtgjSek v UMLS nebyl
schopen nalézt ani zkuseny uzivatel UMLS ve spoluisdekaFi — 8 procent viech frazi.

4. Diskuze

Nastroj Onfram je navrzen predevsim na tvorbu €esiyiomedicinskych ontologii. Nicméné vétsinageh
komponent je jazykové neutralni a Onfram je navrzen kakvSechny jazykove zavislé tasti, jako nastroje
na zpracovani pfirozeného jazyka a prekladovy slbymohou byt snadno nahrazeny. Stejné tak je mozné
Onfram pouZit na tvorbu nékterych ontologii i mimo ast mediciny. Podminkou je ale existence vhodné
zakladové ontologie.

Nejvetsi slabinou aktualni verze nastroje Onfrantgntifikace povrchovych frazi ve volném textu. V bu-
doucnosti se chceme vénovat vylepSovani GspéSexisakce informaci. Cestu vidime jednak v poskyt-
nuti dalich informaci programu AMILCARE, jako je négdad vétna struktura, jednak v kombinaci vice
nastrojli extrakci informace, jako napfiklad AMILCAR SVM9" [IT1].

Problemem extrakce informaci a tvorby ontologii seya@bnékolik projektll. Existuje zde tedy nékolik
nastrojl, které poskytuji tuto funkcionalitu. Ne@m&jsimi a nejvice pouzivanymijsou Protégeé [h2stroj

na tvorbu ontologii, a GATE[13], obecny framework pro r@kici informaci a zpracovani pfirozeného
jazyka. Pro bézného uZivatele zde vsak existue meza@stroj, ktery by komfortnim zplisobem spojo-
val oba nastroje. Proto jsem se rozhodli vyvinout viastastroj, ktery by splioval poZzadavky takového

uzivatele.

5. Zavér

V €lanku jsme popsali metody pro vytvareni €eskycbnbedicinskych ontologiich. Dale jsme popsali
nastroj Onfram, ktery tuto metody implementuje. Ukéagsine, jakych vysledkl nastroj dosahuje na
realném projektu — tvorbé ¢eské Iekové ontologiafr@m byl testovan na korpusu 200 pfibalovych letakl
Mapovani nalezenych povrchovych frazi na konceptiptogie je pomérné Gspésné (75 procent).

Nas$ pfistup k vytvareni teskych biomedicinskyontologii je zaloZzen na vyuZziti struktury typl a vz-
tahll nékteré z uznavanych mezinarodnich biomadigich ontologii, které jsou pfedevsim v anglické
jazyce. Ukazali jsme, Ze neni moZné tyto ontologiena pouzit jednak kvili jazykoveé bariéfe a takaikv’
chybgjicim konceptlim.

Nastroj Onfram zrychluje tvorbu odvozené Ceské orga@octim, Zze se pokouSi automatizovat nékteré
¢innosti pfi tvorbé ontologie, jako napfiklad hledgovrchovych frazi ve volném textu nebo mapovani
povrchovych frazi na koncepty zakladové ontologieikyDzplisobu vzniku odvozené ontologie je tato
do znaéné miry kompatibilni s plivodni — zakladovoantologii. Diky tomu, ze koncepty jsou hledany
v Ceskych medicinskych textech, odvozena ontolodiisabuje pravé ty koncepty, které jsou v teském
zdravotnictvi pouZivany.

Onfram se nesnaZi pIné automatizovat tvorbu ontolagiezadné z jeho ¢asti. Cilem projektu je vyvinout
nastroj, ktery pomutize uzivateli tim, Ze redukujémai praci, kterou by bylo jinak potfeba délat ru¢né
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Abstract

This work deals with a global model of PGA. A short overviewtbé model is introduced. Our
research is concentrated on a master-slave algorithm (gbere also called global). The complexity
analysis of the algorithm is created and the processor afityris derived from the analysis. Based on
the optimality derivation, theoretical results with resufom the real implementation are compared and
the limitations of the algorithm are stated.

1. Introduction

In the literature, many classification of PGA models havenhmeblished. One of them divides PGAs into
global, coarse-grained, fine-grained and hybrid types. eMmuld be found af]1.]14]. We deal with the
global model. It is also known as a master-slave model. Tisevaly one population and evaluation of the
population is spread to slaves. The main mechanism of a oHRGA will be clarified later. It is generally
well known that the algorithm is divided into two parts—a tessand a slave part. We presuppose that
there are more than one slave. Master process initializeablas and structures, creates the master task
and writes to a process table. Then it creates slave pracassgeanrites their taskigls into the process table
as well. After that it creates a first population and entets ivhile cycle. In the while cycle, the population
is split according to the population siZé and the number of processgrsand sent to slave processes.
When a slave finishes its evaluation, it sends back to maAteevaluated part is moved to a population
array. When all slaves send their evaluations, the mastegs st selection-crossover-mutation part.

2. Selection of PGA

We have several requirements on the PGA model. In first plaeewant to keep the model as simple
as possible, because the more difficult model we would implamthe more troubles we would get in
our analysis. The models like coarse-grained, fine-graametihybrid are powerful, but their optimization
powers are a little bit frustrating for the analysis. As farthe model is concerned, we concentrate on a
global PGA. There are many resources for it. The mostimpbreason is to keep the run under simple GA
rules and not to get confused by any indefiniteness. The géogoortant reason is to focus on the study, the
analysis and the design and not on the implementation. Theementation should confirm our theoretical
predictions. The third reason is our worry of eventual peoh$, appearing during the implementation,
which will come true in the end.

3. Selection of network and topology

We know from the introduction that the interconnection reates of PGA have crucial features. Opti-
malization is clear, to transfer maximum number of messagele shortest time with minimum costs.
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Usually, there are many contradictory requirements. Thanmeguirements are: small and fixed degree,
small diameter, symmetry, large bisection width, exterligtand easy routing.

We chose a star network type. Let's the network is represebyea graphG = (V, E), whenN =
> ¢ V(G). It has the diametes(G) = 2, the degree of a vertedegg(u) = N — 1, whereu € V(G), the
edge symetry, easy extendability.

4. Analysis

In the analysis, we employ performance metrics to evallrtdehaviour of the algorithm. For the solution,
we take a classical master-slave architecture, which isdad by the chosen network. Not only is that an
industrial standard, but it is easy to parallelize. Thidsoaalled a global PGA. By term “easy parallelize”
we suppose easy to create a master and slave tasks, comtimnsidzetween them and keep them in a
traditional GA area. During the run of a GA, procedures likéestion, crossover, mutation and evaluation
are employed. The last one—the evaluation of populatidreisitost time consuming procedure, so therefore
the evaluation in our approach is the task to divide to chamkkrun in a parallel way. The master processor
is responsible for selection, crossover, mutation and camoation with slaves. The slave processor is
responsible for evaluation and communication with the erast

In this section, we describe the main mechanism of the che&h We know that the program is divided
into two parts—master and slave. We presuppose that thermare than one slaveMaster processes
initializes variables and structures, creates the maasérdnd writes it to a process table. Then it creates
of slave processes and writes their tasis into the process table as well. After that it creates a first
population and enters into while cycle. In the cycle, thelafion is split according tév andp values and
sent to slave processes. When a slave finishes it's evahy#tgends the evaluation back to the master. An
evaluated part is moved to a population array. When all slaend their evaluations, the master starts a
selection-crossover-mutation cyctglavereceives the part of a population, evaluates it and retutoadk

to the master.
Master node ’

Slave nodes

Figure 1: Topology for Master-Slave PGA. Master nod@iand slave nodes are frohto 4.

5. Expected difficulty of the solution

When an estimation of behaviour of an algorithm is neededjsually use performance metrics to evaluate
it. We use X(N, p) to show that the task is of a si¥erunning onp processors. We deal with the variables
like the total parallel run time of an algorithii(V, p), the workW (N, p), the cosiC(N, p), the speed up
S(N, p), the efficiencyE (N, p), the total overhead! (N, p), processor optimality and other limitations.
More about performance metrics arelin [5].
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6. Sequential GA

When we want to evaluate the populatidhand evaluation of one individual takes tiriig, we get total
evaluation timel},;. As we know GAs (PGAs) work in cycle, we have to keep in mind tia estimate
only one cycle of an algorithm.

Ttot (N) = NTO (1)

Other sequential characteristid®’( C) can be easily extracted from the given equati@hs (1).

7. Global Parallel GA

We are about to start with an estimation of the total pardifeé T;,.(N,p). Before that, we are going
to explain some parameteraf is the total number of individualg, is a number of processorg,— 1 is a
number of slave processofE, is the time when the master processor wélltsjs the time for evaluation
all population and’. is the communication time between a master and a slave @oces

Tw - Te - (p - 2>Tc (2)

Let’s explain the equatioil2), why it holds. The master semgortion of a population to a slave in time
T.. Then first slave starts to evaluate it's portion, while theester sends data to a second slave. The number
of all slaves ip — 1, but the first slave started evaluation after fifst that why we havép — 2)T.. When

all slaves are busy, the master is idlg,j until the first slave send message “ready”.

If we presuppose that a task is equally divided and time farc€l, and individualsN onp — 1 slave
processors will be

NT,
T. = ) (3)
p—1
when one position test tak& time. To sum up
NT,
T, = —(p—2)T.. 4
P (p—2) 4)

The total timeT},; will be:

NT,
1T pTe. 5)

Ttot = 2(p — 1)TC + T =

Precisely, we can write the total time of the parallel run as

Ttot(va) = Tsel + Tcross + Tmut + Tw + 2(p - 1>Tc; (6)

whereT;,; is the total time of one cycld..,ss is the time of a crossover process dhig,; is the time of a
mutation. Addingl se;, Teross @NAT e 10 Tsem, WhereTse; > Teross > Tinut-

NT,
+ pTe (7)
p—1

Ttot(va) = Tscm +
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The total timeT;,; does not give us enough and complete information about li@vathe algorithm. So
we will employ other characteristics to get better view ia #nalysis.

Let us start with the worlkV (N, p) of the algorithm.
W(N,p)=T.+2T.+3Tc+...+pl.+(p— )T +pTe+p—- DT+ ...+ T, (8)

W(N,p)=2T.(1+...+p)+(p—1)Ty 9)

Then we can write

W(N,p)=pp+1)Te+ NT,— (p—1)(p — 2)Te. (10)

After simplification so we can get
W(N,p) = NT, + 2(2p — 1)T.. (12)

W(N,p) = O(N +p)
Next characteristics is a total caS{N, p),
NT,
C(N,p) = NT, + E + PQTc- (12)

Relation betwee@ (N, p) andW (N, p) is W (N, p) < C(N,p), whenp > 2.

Is the algorithm cost optimal? No, it is not becaus€X¥fV + p?) # O(SU(N) .

Next metric is a speedufi( NV, p),

NT, p—1
S(N,p) = ~ ; (13)
Mo 4 pT.  14+p%k
wherek = NT;O. The constant is used in the next.
Efficiency E(N, p) is
NT,
E(N,p) = ° . (14)
NT, + 72 + p*T.
E(N,p) from equation[[T¥) is taken and simplified.
NT,
E(N,p) = ——5— 15
(N,p) NT, 1 ', (15)

Yn our case(SU(N)) = O(SL(N)) = O(N).
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We can change the equation above to the equation below ksiativof N7,

E(N,p) = = T (16)

we should minimizé“]’\',;2 to maximize the efficienc§ (N, p).

2
mzn(%) — maxz(E(N,p)) a7)

Under conditions.f%2 —1,E(N,p) — % the size of population optimality is

Nopt = kp?, (18)

the size of processor optimality is

Popt = \/g (19)

and total overheadl (N, p) is

H(N,p) = p(-— +pTe) = NTo. (20)
Let's make it simpler,
NT,
H(N,p) = p—1 + p*T.. (21)

The optimal number of processqrs,; is received from the following:

aT'tot
op

=0, (22)
whereT;,; is the total parallel run time from the equati@h (5) anid the number of processors.

NT,

Popt = Tc +1 (23)

8. Experiments

In the following, we describe carried out experiments andsachieved results. We also state fundamental
computing and genetic parameters of the algorithm, bectiusakes the description more precise and
worthy. The relevant parameters are enclosed in Tdble 1.

We evaluateg,,: and get to the result, which also corresponds with the medsualuesl’qc... If we
interpret the result that the number of processor optiméisomewhere betweehand5, we might claim
we got the right value. We used the one-max function as a sitegt function. However, the test function
is not a main issue, we suppose that the complexity of a testifin would not change achieved results.
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| Computing parameters |

The number of workstations 7
Interconnection network 100Mbps Etherne
The type of workstations Sun Ultra Sparc
(O] Sun Solaris 8
Kernel version Sun0OS 5.8
Message passing library PVM 3.3
Genetic parameters
Population sizes 100 — 10000
Population coding binary
Crossover type one point
Crossover rate 0.8—-1.0
Mutation rates 0—0.05
Selection type tournament
Tournament size 2

Table 1: The computing and genetic parameters of the algorithm eyepln experiments.

9. Discussion

The disadvantages of MS topology are very well known. Whileslave processes are computing, the
master process is idle. While one slave communicates wéhrthster, other slaves are waiting. During
synchronization of generations, slaves are waiting.

In Figure[2, different total parallel run times per genevativere measuredl},; which stands as the the-
oretical total parallel run timel;,;.,. which stands for the experimental onE,,;> has two times quicker
under-laying communication environment aifig,;o ten times. The optimal number of processpgg;
could be calculated according to the equation (23). We redife result ag,,; = 4.16 for the experimen-
tal system.

The model was implemented with a PVM library. The PVIM [6] is assage-passing package that may
use a network of heterogenous UNIX computers to behave lig@gle parallel computer. It could also
be used on various parallel computers, so portability ofvearfe is possible. The PVM 3.3 library, the gcc
compiler and a network of Sun SPARC workstations runnin@B®Il0S were employed. The results are
outcome of100 independent runs. The tests were run in the Sun Sparc Lalvprait the Department of
Computer Science and Engineering, where PVM 3.3 librarygoadcompiler are installed. We acquired
the knowledge and ideas fromi] [4,[4, 6] to quicken the impletat@m phase. The results, presented here,
confirmed our theoretical predictions and presupposed hiodgigations.

Our work covers the topic witp ~ 10. In this range, we understand that we loose a significaniquoaf a
computing power by the idling master. To utilise the ranges 100, we need to have faster communication
environments. The ranges~ 1000 and more are too large and we expect very expensive systehgs. T
next important thing is that we did not investigate other elsdtheir characteristics and behaviour. It was
partly tackled in[[2]. We made use of unfailing parameteosifirelated works []1,13.14].

Forp ~ 10, we could add a scheduler, which schedules jobs also to tkeem&Vhen the master is idle, a
small portion of evaluation could be processed. Some sdimggdof slave jobs could also be investigated.
As far as hardware characteristics are conceredand p are highly important. We run testing on a
network of obsolete SPARCs. Nowadays, we can challenge rightyrtechnologies like Beowulf clusters
supported by fast network environments (Gigabit Etheroetdyrinets). Those will provide us with more
free processors and a significant decreask.db solve hard problems.
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Figure 2: It shows theoretical predictions and experimental resefithhe number of used processors. The optimal
number of processors is also presented. The most impontaphg arel;,: andT:.¢.., because they show
theoretical pattern and experimental reflection. Othewesili.:2,Tt0t10) are theoretical patterns for a
faster network.

10. Conclusion

The complexity analysis of master-slave model was elabdratAmong others, we were focusing on
T(N,p), W(N,p), C(N,p), S(N,p), E(N,p), H(N,p), the number of processors optimality and lim-
itations of the parallel solution. The approximation cltaeaistics of the model were introduced into space
graphs. The limitation concerned worse scalability of thedid, processors optimality and a demand on
the exacting function evaluation. The derived equatibh&gJ work fine towards the experiments.

However, the ability of the model to utilize computing resms is low forp ~ 10, the global PGA brings a
clear analysis, a comfortable implementation and a stectehase of the total run time. As it was highlighted
in the discussion, there are still many open questions ®fuither research in the area to run GAs faster
and more efficiently.

References

[1] Konfrst Z.: Parallel Genetic AlgorithmsGerstner Laboratory Report 82/99, CTU FEE, Prague, 1999,
p. 18.

[2] Cantl-Paz E.Implementing Fast and Realible Parallel Genetic Algorithidandbook of Practical
Genetic Algorithms, Vol. 3, 1999, p. 28.

[3] Cantu-Paz E., Goldberg, D. E.: Parallel genetic aldpnis with distributed panmictic populations.
IIGAL Technical Report 99015, 1999, p. 8.

[4] Cantl-Paz E.A Survey of Parallel Genetic AlgorithmdiGAL Report No. 97003, 1997, p. 28.
[5] Tvrdik P.: Parallel systems and algorithm&zech Technical Publishing House, 1994, pp. 167.

[6] Geist A., Beguelin A., Dongarra J., Jiang W., Manchek, 8underam V.PVM 3 User’s Guide and
Reference ManuaDak Ridge National Laboratory, Tennessee, 1994, pp. 279.

PhD Conference '06 56 ICS Prague



Zdenka Linkova Ontology-based Integration System

Ontology-based Integration System

Post-Graduate Student: Supervisor:

ING. ZDENKA LINKOVA ING. JOLIUS STULLER, CSC.

Institute of Computer Science
Academy of Sciences of the Czech Republic
Pod Vodarenskou vézi 2

18207 Praha 8 Institute of Computer Science
Czech Republic Academy of Sciences of the Czech Republic
Pod Vodarenskou vézi 2

Department of mathematics 182 07 Praha 8

Faculty of nuclear science and physical engineering

CVUT Czech Republic
Trojanova 13

120 00 Praha 2

Czech Republic

linkova@cs.cas.cz stuller@cs.cas.cz

Field of Study:
Mathematical Engineering

This work was supported by the project 1IET100300419 of the Program Information Society (of the
Thematic Program Il of the National Research Program of the Czech Republic) “Intelligent Models,
Algorithms, Methods and Tools for the Semantic Web Realization” and by the Institutional Research Plan
AV0Z10300504 “Computer Science for the Information Society: Models, Algorithms, Application”.

Abstract

Integration has been an acknowledged problem for a long tiftfith the aim at combining data from
different sources, data integration usually provides &eshiglobal view over these data. A crucial part of
the task is the establishment of the connection betweenldhalgview and the local sources. Two basic
approaches have been proposed for this purpose: Globaleds(@AV) and Local As View (LAV). With
the Semantic Web and its data description means, theredsatther possibility - to employ ontologies
for the relationship description in an integration system.

1. Introduction

Today’s world is a world of information. The expansion of WbkVide Web has brought a number of

information sources. However, at the same time, a numbeifigfreint formats, data heterogeneity, and
not yet efficient machine processing of web sources causg prablems. One of them is the reappeared
problem of data integration.

Data integration is the task of combining data residing #iegént sources and enabling the user to process
these data as one whole. Data integration has been an addged data processing problem for a long
time. Although there have been some projects on integratiatata within particular areas, there is no
universal tool for general data integration.

In general, data integration can be pursued in differergriayit is possible to consider only data, or consider
also metadata (e.g. schemas). With greater data amouiriéigeation approach is rather non-materialized
than materialized. The integration result brings virtug over data sources that do not store any data.
Therefor, the establishment of the connection to origiretadsources is crucial. To consider the data
schemas is essential. There are some basic approachegltsige a non-materialized integration system,
each with its advantages and disadvantages. The propogethap brings an idea from the Semantic Web
- a semantic extension of the current World Wide Web.

The paper is organized as follows. Section 2 describes tteeidgegration task and basic approaches.
Section 3 introduces the vision of the Semantic Web and oiits pfinciple layers - ontologies. Section 4
presents an ontological approach to data integration llgifgection 5 summarizes the paper.
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2. Data Integration

In data integration, the goal is to synthesize data fronediffit data sources into one integrated data source.
A user willing to process the data uses the integrated saurdés freed from the knowledge where the data
are and how the data are structured in the respective sources

The integrated data source can be materialized, i. e. a nesdarce is created and it physically stores
data, or it can be virtual, i. e. a virtual view is defined and ttata remain in the sources. In materialized
data integration approach, a copy of the data is made. Sb,redpect to actualization requirements, it is
suitable for more or less stable data. Virtual data intégnedipproach provide an interface to autonomous
data sources, it can be used also for large amount of datar@ldtively frequently changing content. In
a connection with the World Wide Web data, this approach estggitself. It is also possible to combine
both approaches. An example is an integration system tlo&idas a virtual integrated view, but it also
materializes some data in a cache. The cache is usually as&dduently accessed data.

A commonly used system architecture in virtual view apphddito data integration is depicted in Figlide 1.

A base of the system is a set of data sources to integrate. ifherHayer is a set of components called
wrappers. Each wrapper belongs to one local data sourcet gtalys a role of a connector between the
local source background (it means a specific model, a spéaifguiage etc. for the source) and the global
one. The pure integration part of the system is presentedenmadchical layers of mediator components.
A mediator can obtain information from components belownid @an provide information to components

above it. In general, an integration system can contain litrary complex architecture.

Query
Mediator
\
Mediator
\
A\ v
Wrapper Wrapper

=

Figure 1: A mediation integration architecture

Each mediator in a hierarchy can be seen as a virtual viewsd iews are then used in query evaluation.
A user of the integration system poses his query to a gloleaV vising a global schema. Using mediation
integration, the query is reformulated and decomposedfér te the data sources and the queries are also
executed over the sources. Then obtained information iposed and the answer is given back to the user.
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The main components of a data integration system are thee®wvith their local schemas, the global
virtual view with the global schema, and the mediated systehexpresses the correspondence between
the global source and the local sources. So it follows thata htegration systerhis a triple

I = (G7 L7 M)a
whered is a global schemd, is a set of local schemas aid is a mediation system.

A possible way how to describe the mediation system is to umgpings. Mapping is a set of assertions
that establish the connection between the element of thmbschema and those of the local schema. The
composition of mapping is an essential task. It plays a atuoie in query resolving - another important
process of a data integration system. Two basic approa@)&3 have been used in order to specify the
mapping. TheSlobal As ViewWGAV) approach consists in defining the global schema asef s&ws over

the local schemas, while theocal As View(LAV) approach consists in defining the local sources as a set
of views made on the global schema.

Because the GAV is based on the idea that the content of eantest of the global schema should be
characterized in terms of a view over the sources, this nmapialls the system how to retrieve the data.
The GAV favors the system in carrying out query processinggivies direct information on how query
answering may be performed. Some GAV data integration Byst#n not allow integrity constraints in the
global schema. Under these assumptions, query processingecbased on a simple unfolding strategy:
every element of the global schema is substituted with tlieesponding query over the sources. When
global schema allows integrity constraints, the query essing in GAV becomes more complex - integrity
constraints here can in principle be used in order to oveecoroompleteness of data in the sources. In
GAV query processing can look easy. However, this idea iscéiffe when a set of sources is stable. The
addition of a new source and extending the system can beutliffthe new source may have an impact on
the definition of various elements of the global schema. Saritforce the system designer to redesign the
schema, and so to reconsider all the sources.

The LAV approach is based on the idea that the content of eanftes can be characterized in terms of a
view over the global schema. Processing queries in LAV idfecdit task. The only knowledge we have
about the data in the global schema is through the views septiag the sources, and such views provide
only partial information about the data. The mapping spesitiie role of each source relation with respect
to the global schema. It is not immediate to infer how to usesthurces in order to answer queries. The
LAV favors the system in the extensibility - addition of soas simply means enriching the mapping with
definition of a new view over the global schema, without ottteanges.

To compensate the insufficiency of the LAV and GAV approachbs® their combinations have been pro-
posed. TheSlobal Local As ViewGLAV) approach|([4] establishes the relationships betwenglobal
schema and the sources by making both of LAV and GAV mappinds#ows flexible schema definitions
independent of the particular details of the sources.

3. The Semantic Web

The Semantic Weli 5.1 6] is intended as an extension of todaigdd Wide Web. It should consist of
machine readable and efficiently processable data. The isa@ildition of data semantics - data description
will be stored together with data themselves. The full elon of the Semantic Web belongs still to the
future; however, many tools, languages, theories etc. haee developed and several also implemented.
The Semantic Web is based on several standards, which anedéfy W3C (WWW Consortium) [7].

An important requirement for effectively machine procédsalata is data structuring. On the web, the main
structuring method is using tags, which are parts of textaioing information about the role of the text.
Nowadays, the metalanguage XML (eXtensible Markup Langy{#f is used for making web document
structure. It provides syntax for machine readable datat dBly XML is not enough to describe data.
The technique to specify the meaning of information is RDEg@uUrce Description Framework] [9]. Itis a
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basic tool of web sources metadata addition. RDF data mades gn abstract conceptual framework for
metadata definition and usage. It uses XML syntax (RDF/XMicehcoding. Additionally, there is also an
extension of RDF called RDF Schenal[10] that is useful fas€efinition and class hierarchy description.

An instrument for definition of terms used either in data omiatadata are ontologi€s|11]. The term on-
tology has been used in many ways and across different coiftigainA popular definition of the term
ontology in computer science is: an ontology is a formal liekpspecification of a conceptualization. A
conceptualization refers to an abstract model of some phenon in the world. However, a conceptual-
ization is never universally valid. Ontologies have beenose to overcome the problem of implicit and
hidden knowledge by making the conceptualization expli@htologies aim at modeling and structuring
domain knowledge. It may take a variety of forms, but it wilaessarily include a vocabulary of terms and
some specification of their meaning. In the context of webnetogies, ontology is a file or a document
that contains formal definitions of terms and term relatiofise Semantic Web technique for definition of
ontologies is the OWL (Ontology Web Language) languagk.[12]

4. Ontology-based mediation integration

In an ontology-based integration approach described & fghper, a conception of a virtual integration
form is adopted. A global source will be also non-materediand for the establishment of a connection
to the data sources some kind of mapping will be applied. Hewenstead of using mapping rules as
assertions for global and local schemas elements, a morplerrstructure covering all mapping will be
employed. This approach exploits the idea that on the Seém@feh every peace of information has got
defined its meaning and supposes availability of ontologges means for defining the concept of the data.
The integration task is transformed to the building of arotsdy for the integration system. This ontology
from its principle should cover ontologies of all data usedhe system and mappings that are in general
seen as definitions of relationships between data.

Suppose, there are two data sourégsand S,. Each source schema is described by an ontology: an
ontology referring to the local sourcg is Og,, an ontology of the sourcs, is Og,. The global integrated
view the integration system should provide has an ontology The integration system, in Section 2
formalized as a tripld = (G, L, M), has in this case representation

I= (OG7 {031 3 032}7 01)7
whereOy is an ontology of the integration system.

Ontology Oy is used to describe the mapping between elements of thelglawaand the local sources.
Oy is also an ontology of all concepts used in the integratiatesy/. So it follows that for ontologies of
local sources is valid:

Os, € Oy
Os, € Oy

While ontologieDs, andOg, are given with the source€); andO; need to be determined. Description

of O¢ is relatively independent on the sourcés contains definition of concepts accessible directly via
the global view. It is a matter of a designer who decides whikibe accessible via the integration system

and in what form.

Establishment 0O; is a crucial step. However, it is not an easy task. Covefigg, Os,, O¢ and their
relationships(; is the result of task called merging ontologies. Ontologygire is studied e.g. ir [13]
and [14]. As in schema integration in other approaches, scondlicts [1%] that have to be solved can
arise. Conflicts can be of various typésl[16], for examplenteconflicts, schema discrepancies, raw data
and metadata conflicts etc. Regarding used terms, synongianonyms conflicts can arise. (Synonyms
are different words with similar or identical meanings. Humyms are words that are spelled the same but
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with a different meaning.) In the ontology world, it is noffaiult to deal with synonyms or homonyms,
because there are means how to express relationship beteve®n In an ontology, each term has a unique
reference. Although, there can be two terms in two ontolgi@med in the same way, they are uniquely
distinguishable, because of the context - the ontology e/ttezy are defined. This is for instance in XML
syntax solved by namespaces. Within ontologies it is alssipte to state that two terms are equivalent
and describe the synonymic relationship, and by this to leradocess it in a right way.

Example 1 There are two sources to integrate. Source 1 stores satieliiges taken from a satellite lkonos and its
ontologyO; describes only one class nan&dnos _images with propertiesdate _the _geometc. Source 2 stores
satellite images from a satellite Spot, its ontola@y contain classSpot _images with propertiesdate _acqui ,
the _geometc. Since the integration system should provide satéfliseyes coming from different data sources, global
ontology O¢ contains class nameshtellite J{images with propertiesdate (date when the image was taken),
geom (a geometry of the photographed region), etc. To obtainlogyoof the system(;, Oz, O¢, and knowledge
about relationships among particular concepts are me@etblogyO; is following:

satellite_images

is-a is-a

Spot_images

Figure 2: OntologyO;

Ontology O; contains three classessatellite Jdmages , lkonos _images , and Spot _images . Images
from Ikonos and images from Spot are both satellite imageshsre is hierarchical class - subclass relationship
betweensatellite _images and Ikonos _images and betweersatellite _images and Spot _images .

Ikonos _images and Spot _images cannot be merged into one class, because it refers to diffeagellite im-
ages. With the knowledge of class properties semantics tian be seen property - subproperty relationship between
a global property and a relevant local property, for exangaée anddate _. Moreover, if there were the same
integrity constraints on each property from the pair, thepgrties can be merged and connected as equivalent.(J

With a data integration system, a user poses his query onlthalgview in terms of the global view. In
order to execute the query over the sources, where dataasglstjuery processing is needed. There are
two approaches to query processing. The first one is queryitiegy- a query is decomposed to parts
referring to local sources and reformulated to be expresséutal source background. The other one is
query answering - it do not pose any limitations on how a querocessed, the only goal is to exploit
all possible information to compute the answer, for exanfipie the set of data such that the knowledge
logically implies that it is an answer to the query.

With mapping expressed in an ontology, for query rewritiidgs possible to adopt a rule well known in
object-oriented world: a child can substitute his parehtvd are looking for all instances of clagsthat
have property® = z, the query is

q:=C(P=uz).

Using ontologyOy, is-a hierarchy relationships give a means how to rewrigegbery with respect to a
specific local source. I’ is not a concept of the local source schema, alagsthe query is replaced with
its nearest subclags’ in the is-a hierarchy. This is recursively repeated untibaaept is founded in the
specific local source schema, or there are no more subclasisese is no answer. The same rule as for
classes can be adopted also for properties, and the redatfpproperty-subproperty can be employed.

In query answering approach to query processing, the igi@fuhy is also essential. It expresses that an
instance of a node is an instance of all nodes within the path the root node to this node. Based on this
rule, it can be determined if information from a local soucem be an answer to the global query.
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Example 2 Continuing the simple example of satellite images integnatthis example shows query processing. The
global view provides satellite images. The query: give adlilable images taken on 1st January 2001, i.e.

q := satellite_images(date =" 01 — 01 — 2001"),

is processed as followssatellite _images is not in the concept of any local source, the query is reemitt
satellite -images class has two child noddkonos _images related to the source 1 arpot .images re-
lated to the source 2. The reformulated query has two forms:

qi := Ikonos_images(date =" 01 — 01 — 2001")
and
g5 = Spot_images(date =" 01 — 01 — 2001").

Because property date is not in the concept of the source hjueryg, is further rewritten using property-subproperty
to

¢ = Ikonos_images(date_ =" 01 — 01 — 2001").

The queryq! is executed over the source 1. Analogously, the qgé&fig rewritten and executed over the source 21

Compared with two basic approaches of mapping specificatianmediation data integration, an ontology-
based approach is similar to LAV integration in a way, that tflobal schema is specified independently
from the sources. Another similarity can be found in extegdhe system. When a new source is added,
the ontology of the integration syste@y is enriched with a new source ontology and further possible
relationships to previous version 6f;. A difference between LAV and GAV and the ontology-based
integration system is in the case of a change in the layeroaf lor global source schemas. In case of using
ontologies, the ontology of integration system is enricwét the new state. It is not needed to change any
earlier part of the ontology, or even to remove some part. therocchange is needed.

5. Conclusion

Data integration is a task of combining data from differesitiedsources and enabling a user to process them
as one whole. There are two classical ways of designing agiation system providing a global virtual
view over the sources: GAV and LAV approaches. Both are basedefinition of connection between
the global view and the local sources via mappings. Howevith, a Semantic Web idea, there are also
other possibilities that can be used. An integration systestribed in this paper is based on ontologies of
the sources. An ontology of the integration system is defiaed it is consequently used for data query
processing.
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Abstract

The paper deals with reliability of measurements in the @andf multiple-item testing instruments,
such as educational tests. We concentrate on popular ¢thastic widely used for estimation of relia-
bility called Cronbach’s alphawhich is suited for normally distributed error term. Fiethwe discuss
modifications of Cronbach’s alpha for the case of dichotosnwe-false) scoring.

1. Reliability

When describing the reliability of measurement, it is usuassumed that the measurem¥&nis composed
out of two random variables: an unobservable true vdlwand an error terra,

Y=T+e.

The error term is supposed to have a zero mB&) = 0, a positive variance, and to be independent from
the true valuél'. Therefore:
var(Y') = var(T) + var(e).

Thereliability of such measurement is defined by:

_var(T)
~var(Y)

var(e)

=1 var(Y)

1)

and it compares variability of the error term with the varidyp of measured property. The smaller the
error variance relative to the observed score variancentoee reliable is the measurement. Thus, the
measurement is considered to be reliable when the valudiabitéty is close to 1.

Here, we should point out that reliability is sample-depamtd Therefore a certain test can have a different
reliability when given to a population with a high variabjliof tested knowledge than when given to a
population with a low variability of the knowledge.

The following simple lemmas give us a natural interpretatibthe reliability.

Lemma 1.1 Having two independent measuremeYits= 1"+ e;, Yo = T + ey of the same property,
where var(e;) = var(ez), the reliability can be expressed as the correlation betwthese two measure-
ments,R = corr (Y1, Y2).

Proof:
cov(T' +e1, T +ep) cov(T,T)4+0 var(T)
var2(Y) var(Y') var(Y)

corr(T'+e1,T + e2) = = R. O
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In terms of educational tests, the reliability reflects toatvbxtent it gives the same result when taken
repeatedly by the same person under the same conditions.

Lemma 1.2 The reliability can be expressed as the squared value ofdtrelation between the observed
score and the true score, cotY, 7).

Proof:
5 _covi(T+eT)  var’(T)  var(T)
com (¥, T) = var(Y)var(T)  var(Y)var(T) var(Y)

O

Thus, the reliability of an educational test measures thength of the relationship between the score
reached by a student and his/her true knowledge.

Unfortunately, none of these representations is usefurvéstimating the reliability of educational tests
because they cannot be directly estimated from the obs&aed We cannot estimate the error variance
var(e), the true scord’, nor the knowledge of a student by the same test twice and amtmtly. Therefore,
when estimating the reliability of an educational test, westty take into account a fact that such a test is
a composite measurement.

2. Reliability of composite measurement

We consider the problem of measuring the reliability of riplé-item testing instrument, such as in ed-
ucational test. Consider a series of itefis= T, + ¢;, for j = 1,...,m, where the error terms;
are mutually independent and independent on the true sdarder £k = 1,...,m, having the same
variance vate;) = o2, and mean E; = 0. The observed overall score of the items is given by
Y =Y1,+---+Y,, and the unobservable overall true score is giveff'by 11, + - - - + T},,. The reliability

of such a composite measurement is definedby (1) and withdegahe above mentioned assumptions
can further be expressed as:

~var(T) var(T) B var(T)

Fim = var(Y) var(T)+var(> e;) var(T)+mo2’

(2)

The next lemma gives a relationship between reliability ebanposite measurement and reliability of an
item in one special case:

Lemma 2.1 If for the items’ true score the following holds simultanslyu
var(Ty) = --- = var(Ty,) = o7

corr (T, Ty) = 1, L k=1,...,m,

then all the reliabilitiesR, of the items are equal and the reliability of the whole test ba expressed in

Spearman-Brown formula
le

Ry=—"F"""—""—"7+—
1—|—(m—1)R1

Q)
Proof:

var iTj = ivar(Tj)JrZZcov(Tj,Tk):

i=1 Gk
= mo2 +m(m—1)o% = m?c?,
m m m
var [ Y V| = var (> T; | +var | Y e | =mPof +mol.
Jj=1 Jj=1 Jj=1
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Therefore
var (Z;”:l Tj) m2o2 mg%"ig
Ry = T 252 2 o2
var (Z;"Zl Y]) miop +mog 1 4 (m — 1)0%—+Tg3
o le
1+ (m—-1DRy

O

Related to this lemma is a fact, that reliability of an edigr#l test is dependent on the number of its
items. Therefore, by adding suitable items to the test, ¢fiability could approach as close toas we
would desire. When comparing reliabilities of two educagibtests, which in principle can’t have the same
number of items, we should bear this property of reliabilitynind.

3. Cronbach’s Alpha

As a measure of reliability in classical test theory, Crastb|#] proposed the coefficient alpha. This char-
acteristic estimates the consistency between items irt arnest is defined as:

_m o) -Svar)  m YX0m "
A — var(Y) S om =13 Tk,

whereo;;, is the covariance of the pat’;, Y ). Novick and Lewis|[8] has shown that Cronbach’s alpha is
always a lower bound of the reliability
acrR <R

and is equal to reliability only if the conditions of Lemmad. 2&re fulfilled.

A very pleasant property of Cronbach’s alpha is the fact thit characteristic is easy to estimate from
the data simply by using sample variances and sample coeasdnstead of their population counterparts
in @). This sample estimate can further be rewritten (fargfrsee[[4]) in terms of the two-way ANOVA

as: MSr — MS 1
A (5)
M St Fr
where M St and M Sg are the mean sums of squares ahigd is statistics widely used for testing the

hypothesis vafT") = 0 when normality of variables can be assumed.

QCR =

Notation [®) gives important properties of our estimate:

e ¢ can take values betweernc and 1, although only positive values make sense for religbil

e The greater the estimate of reliability is, the better thacadional test can distinguish between the
students. This points out the fact, that Cronbach’s alpha designed as a coefficient of internal
consistency.

e The estimate equals one, if and only if there exist constants, i = 1,...,n,j =1,...,m, so that
the score reached by thidh student in thg-th item can be written as; + b;. This means that in this
case, to get all the information about students, one itemldvo& enough. Therefore, when getting
too high an estimate of Cronbach’s alpha, one should agttraiik of lowering the number of items.

4. Cronbach’s alpha for dichotomous items

In fact, Cronbach’s alpha was designed as a generalizatitleso called Kuder-Richardson formula 20
for dichotomous scoring, already proposed in 19371 [6]:

m 5272?:121)]'(171)]')7 )

d:
m—1 s
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wherep; is a relative frequency of correct answers to i item ands? is a sample estimate of the
variance of total scores. One can easily see flat (6) cantaied when computing the sample estimate
of Cronbach’s alphdJ4) in the case of dichotomous scorir’rgamEYj = p; is the proportion of correct
answers to thgth question andar(Y;) = p;(1 — p;).

Nevertheless, with dichotomous items, the assumptionsaliyais of variance are violated. The scores
cannot be assumed to have normal distribution, and morgihnevariance is dependent on the mean value.
Therefore it is a matter of question to what extent is thigeestie appropriate at all.

4.1. Proposed modifications of Cronbach’s alpha estimate

Formula [b) led zZvaral]5] to the idea of modifying Cronbachlpha for the case of binary outcomes
by replacingFr by statistics used for testing the hypotheBis : var(7') = 0 in logistic regression.
This is equal to testing the submodel B where the sd@yedepends only on the test item (and doesn'’t
depend on the student’s ability) against the model A+B whieeescoreY;; depends on the student and
on the test item. Appropriate statistics is the differentel@viance in the submodel and in the model
X? = D(B) — D(A + B), which has under the null hypothesis th&(n — 1) distribution. Therefore, the
proposed estimate is:

R n—1
0410921—?. (7)

In this work we are trying to justify the estimafd (7), so fafled thelogistic estimate of Cronbach’s alpha
or shortlylogistic alphg and to demonstrate its qualities by simulations.

5. Extended beta-binomial model

The model used most often for describing items with dichatosscoring is the logit-normal model called
Rasch model[]7]/18]. In this model the probability of a catreesponse of persaron itemj is given by:

explyi;(m; + 0,
P(Yi, = yiji mi,0;) = explyi; (i + 9;)]

- 8
1+ exp(m +6;)’ (8)

wherer; describes the level of ability of persérandd; is an unknown parameter describing the difficulty
of item .

Evaluating the true reliability of a composite measurenwnitems which obey Rasch model with certain
parametersr;,i = 1,...,n, andd;,j = 1,...,m is a difficult task. That is why for simulations we
propose thextended beta-binomial mogethere calculating the true reliability is tractable (88 .(The
motivation of this model is following:

An often used model in reliability studies of binary datag$er example[lR],[[10]) is thdeta-binomial
model In this model we assume, that the probability of suceessaries over subjects = 1,...,n
according to a beta distribution with paramete@ndb, and, conditional to this probability, the total score
Y; of theith person is binomially distributed. Choice of beta disitibn for7; is logical since it is a flexible
distribution and leads to mathematically tractable ressult pleasant property of the beta-binomial model
is the fact, that the first two moments for the total score asyé¢o compute:

a

a+b

E(Y)=nu=n
0
var(Y) = nu(l —p) [1+ (n — 1)m ;

wherey is the marginal probability of success for any individuak= #b andl%e = pis the intraclass

correlation cor(Y;;, Yix)(j # 1) common for any subject and any pair of responses.
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An unpleasant property of this model for our situation is fhet that it does not allow for different diffi-
culties of items. Hand in hand with this goes the commonedation structure which is impossible in our
case.

When trying to extend for different difficulties of items apet preserve the structure of the beta-binomial
model, we can think of the following model: We assume agdiat the probability of success varies
over subjects = 1,...,n according to a beta distribution with parametersndb. We qualify the impact
of the difficulty of thejth item by a small numbe¥;, assuming thaE;.”:1 0; = 0. When parameters, b
are large enough, there is a slight danger that the sumsd; get outside the intervdD, 1). Therefore,
Y, ..., Y., are for a givenr; independent random variables with alternative distrinutlt(7; + ¢;). The
total score¥’; are sums of such random variables.

5.1. Properties ofY;; in the extended beta-binomial model

For conditional mean and variance, it holds
E(Yijlm) = E(Y3m) = P(Yy = 1m) = m + 6,
var(Yy;|m) = E(Y3|mi) — (E(Yij|mi))? = (mi + 6;)(1 — (mi + 65)).
Therefore the unconditional mean is

E(Yi;) = EE(Yjj|m) = +0; =p+9;

¢
a+b
where we assigned = a/(a+b) for the mean value of the beta distribution. For the uncomwié variance
it holds:

var(Y;;) = var(E(Yi;[m;)) + E(var(Yi;|m))
= var(m + 5j) + E((ﬂ'i + 5j)(1 — (7Ti + 5J)))

ab 1 1 w1 .
T @+ b2atb+1) +/O (m+05)(1 = (7 +0,)) g™ (1—m)" tdr
— ab N a(a+1) - - a 2
7(a+b)2(a+b+1)+(ﬂ+5j> (a+b)(a+b+1) 2055 %

= p(l = p) +0;(1 = 21— 55).

0

Because = 15 = ﬁ, the covariance of variablés;, Y;; for j # ¢ equals
cov(Yi;, Yir) = cov(E(Yij|m), E(Yie|mi))
= cov(m; + §;,m + &) = var(m;)
ab
= = 1 - 5
@0ty L
Let’s define
1—2p—4;
Ci=14+0—-"—2
’ 7ol - p)

Then the correlation betweern; andY;, for j # t is

cov(Yi;,Yi) 1

corr(Y;;,Yis) = = .
(i, Yar) Vvary;vary;, p\/Cth

For constant difficulties of item&; = 0 we get the common correlation structure, qéfy;, Y;;) = p. For
unequal difficulties of items it is natural to assume- b (to assume symmetric distribution of knowledge),
thereforey = 1/2. Inthis case”; =1 — 4532-, thus the impact of < 1 is small.
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5.2. Properties of total scored’; in the extended beta-binomial model
The total score of théth student is the total number of correctly answered iténs: Z}”:l Y;;. We get

m

1
E(Yi|m) = m— i+ 0;) = mm,
(i) = m 3 -+8) =
var(Y;|m;) = var Yii|m:) (m: +65) (mi + ;) — Y (m+65) — ) (m +6;)?
(Y;|m;) (; ilmi) ;Tr+ (7 + m;ﬁ+ m;ﬁvL
2 2
=m|m— ii(W-Jré-) -m ii(ﬁ-+5-)2— ii(ﬂ-jL&)
[ m 4 [ j m 4 [ j m [ j
Jj=1 Jj=1 Jj=
=mm;(1 — m;) — mks,
wherers = - 77" | §7. Therefore it holds:
a
E(Yi) = EE(Y;|m) = mE(m;) = m—— = my,
(Vi) = EE(¥ilm) = mE(m) = m— = my
var(Y;) = var(mm;) + E(mm;(1 — 7;) — mss) = m2var(m;) + mE(m;) — mE(7?) — mss)
9 ab a ala+1)

(a+b)2(a+b+1)+ma+b_m(a+b)(a+b+1)

=mu(l — p)(1+ (m —1)p) — mks.

=m — MmK§

Finally, we are getting to theeliability of the total score Y; in the extended binomial model. We define
it according to [11] as a fraction of variability between dgmts (variability of conditional mean values
E (Y;|m;)) and variability of students’ total scorés:

_ var(E(Ylm) _ var(mm) _ (1~ o
" var(Y;) var(Y;)  mu(l—p)(1+ (m —1)p) — mks
— mp : 9)
L+ (m—1p - aaty —1)

When the difficulties of items are all equgl = 0, we get the well known Spearman-Brown formuLi (3).
For unequal difficulties of items, the reliability of totalares is a bit larger.

Formula [®) is very important for simulations. For the giyearameters of beta-binomial distributienb,
and for the given difficulties;, j = 1,..., m we can calculate the true reliabiliy,,, and compare it with
estimates calculated from simulated data.

6. Simulations

So far, a single simulation was done. We investigated thedehof the classical and logistic Cronbach’s
alpha estimator in the extended beta-binomial distributia simulation for number of itemé = 11,
number of studenta = 20 and items’ difficultiess; equidistantly distributed between0.1 and0.1. The
parameters, = b of the beta-binomial distribution were chosen from the rivéi (1, 15) with step0.2.

For each simulation we generated 100 data sets and compatedrizl mean squared error of the classical
estimates of Cronbach’s alpha and of the logistic estimaft€sonbach’s alpha. For each out of 71 possible
values of parameters= b, also the theoretical value of reliability was evaluatezing the equatio9).

In Figure[l, the bias and mean squared error of classicalaistic estimate of Cronbach’s alpha is shown
for different values of the true reliability.
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Figure 1: The bias and mean squared error of classical (circle) angogend logistic (solid circle) estimate af:r

According to Figurdl, the proposed logistic alpha perfoamssan estimate of reliability better than the
classical Cronbach’s alpha estimate in the extended betariial model. The logistic alpha tends to give
worse results only for high true reliabilities, thus for dma@ b, which is the case of high probability of
cutting in the extended beta-binomial model.

7. Conclusions and Discussion

According to our simulations, the proposed logistic estava Cronbach’s alpha performs better for binary
data of the extended beta-binomial model than the clasSizalbach’s alpha estimate.

When going through sectidi 5, one can conclude, that there ieed for beta distribution in the extended
model to get the same formula for true reliability of totabeesY;. Therefore, more complex simulations
in this class of models should be done.

Also, the remaining task is to justify the proposed class afdeis for the real data (would Hosmer-
Lemeshow goodness-of-fit test work?). Or even better tafyuiie proposed estimat€l(7) for the Rasch
model [8).

For testing the hypothesig,, : var(T) = 0, there also exist other statistics besides difference obaees.
Therefore, other modifications of classical Cronbach'ialpstimate could also be defined and compared
with logistic alpha discussed in this article.
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Abstract

Contemporary electronic health record (EHR) applicatiamsorporate comprehensive medical
knowledge that is being updated very fast. Even EHRs thabaile considering best practices vary
slightly in their data models (DM) over time. There are vagsoftware tools supporting "DM synchro-
nizations” on the market. Within this paper we describe Eeequirements that are to be set on these
tools to be successfully applicable for synchronizatiorDds in healthcare domain. As the available
tools do not meet the requirements well we also present a p&m eource DM synchronization tool
Schemagic that is particularly suitable for these syncizaiions. Schemagic was developed as a sup-
portive tool within the project Information Technologies fShared Health Care. Several partners from
academy as well as from industry joined for collaborationtluis project in order to cooperate on hew
approaches to support sharing of medical data and knowlstigeg heterogeneous information systems.
The Schemagic synchronization tool has been successéisligd while formalizing the clinical contents
of EHRs in dental medicine. A rapid evolution of the undertyiDM that started with a few clinical
concepts and evolved stepwise into hundreds of attributdsrelations has confirmed that Schemagic
considerably multiplies the power and scalability of EHRsteyns and significantly simplifies further
research and development.

1. Introduction

Variation in the use of clinical resources, outcomes, ¢@stsess to health care, clinical content of electronic
health records (EHR), and quality of provided health caeeveell recognized, ever present aspects. It is
a phenomenon that affects all sectors of the health careedglprocess that is important to clinicians,
administrators, and patienis [1]. New generation EHRs khio&l based on an architecture flexible enough
to last several generations and allowing for improvemeniswithout starting from scratchl[2].

An EHR for integrated care is defined as a repository of infation regarding the health status of a subject
of care in computer processable form, stored and transisteurely, and accessible by multiple authorized
usersl[3]. It has a standardized or commonly agreed logifaiiation model which is independent of EHR
systems. Its primary purpose is the support of continuiffgiient and quality integrated health care and it
contains information which is retrospective, concurrerd arospective.

The clinical content (i.e., collected concepts) of an EHRiftegrated care evolves over time. There
remains a wide void between the basic definition and the ieldatence of a standardized EHR. The reality
is that we lack a common data model (DM), a common set of datmehts, common vocabulary, and
a common set of scenarids [4]; however, there is some hopeeifCEN prEN 13606 becoming an EU
standard in the near future. Still, even the EHRs built cde$ing best practices vary slightly in their
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DMs over time, which is an apparent consequence of the i@miamhentioned at the beginning of this
paper. Moreover, contemporary EHR systems incorporatecenensive medical knowledge that is being
updated regularly and that also might force the DMs to sigétolve. A seamless support of information
flow for increasingly distributed healthcare processesireg integrating of heterogeneous IT systems into
a comprehensive distributed information system. Diffestandards contribute to ease this integration [5];
however, a kind of synchronization of the underlying DMsfien enforced.

Within the project Information Technologies for Shared He&are several partners from academy as well
as from industry joined in order to cooperate on new appreadh the EHR design with the main goal
of solving issues connected with sharing medical data anhetgrogeneous hospital information systems
(HIS) and EHR applications. Together, they are preparihgtioms to model various EHRs and HISs using
worldwide-used standards, based mainly on the HL7 versigpetification[[5]. The MUDRLite EHR
system|[¥] is among pilot applications chosen to test newaghes. It provides interfaces to include user-
defined modules and components. These interfaces enaldeetod and integrate special components to
share data among other systems based on a defined commumistathdard. MUDRLite architecture is
based on two tiers. The first one is a relational databaselenskicond one is a MUDRLite User Interface.
The database schema correspondsto particular needs &wsitharefore in different medical environments.
An important part of the project was to incorporate and dtradize clinical information in dental medicine
using the Dental Cross component [8], [9].

Evolution of the incorporated dental medicine knowledgeiobsly forced the evolution of the underlying
DM over time. This paper discusses issues we faced and eggeirts we analyzed while synchronizing
DMs in order to support continuous health care. Approachesame up with can not only be applied to
EHRs in dental medicine but to information systems in healté in general terms.

2. Synchronization of Data Models in Healthcare-oriented hformation Systems

The rapid progress in database systems research over treoppte of decades has resulted in the evolution
of diverse database environments. Consequently, devej@pdeclarative approach to schema integration
in the context of heterogeneous database systems was majafgarious research activiti€s 110]. Lately,
relational databases with object-oriented extensionareca standard in the data management field. As
Entity-Relationship (ER) modelling approach became a lyidsed methodology of designing database
models and schemads ]|11] various issues connected with tieynization of DMs and maintenance of
data integrity developed to an extensively investigateda<d12].

Resulting from the ongoing research and answering to theepted demand various software tools sup-
porting DM comparisons and synchronizations have beenuywed], e.g.,[[113],[114][115], oi [16] to name
but a few. All the tools are generally intuitive to visuallpropare and synchronize two databases. They
scan both databases and provide the combined schema tveentib all differences marked. However,
even that these tools are fast and easy to operate we haizeddhlat they do not meet all requirements that
are to be implemented while synchronizing of DMs in inforioatsystems in medicine. Basic functional-
ity of a DM synchronizing tool consists of being capable tadenetadata of relational database schemas,
comparing two database schemas in order to find changesréhiat be solved during the synchronization
process, and generation of the synchronizing SQL scripivéver, further analysis shows that a successful
tool synchronizing DMs in healthcare domain should not gmgvide the basic functionality but also it
needs to fulfil other requirements stated as follows:

e Universality As information systems in healthcare domain are increggidistributed over various
heterogeneous IT systems the tool should be universal értouze run on various operating system
platforms (e.g., MS Windows, various Linux based systema¢ @S) and capable of co-operating
with many database system, e.g., Oracle, MS SQL Server, BB&greSQL, MySQL.

¢ No data lossThe tool must not affect (delete or change) any data storéiki database that is being
synchronized. This is especially important in the healtacomain where patients’ data are very
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sensitive and the importance of this requirement is welbgmized. Even though this requirement
seems to be obvious, it is often not the case. A simple dasan@y be caused by rounding errors
while converting between incompatible data types or bydatimg large text fields. Less obvious
(and thus more dangerous) errors may be introduced whiledasf some functional relations and

dependencies that exist in the original database and caertwtld in the new model. Best practices
of database normalization and DMs design shall always beWed [17].

e Extended securityPatient identification is one of the highest and most caetisial priorities for
the implementation of HIS4 [18]. There is a broadly sharedl go better understand the long-
term health status of patients when addressing their imatedieeds, to study the effectiveness of
different patterns of care, to investigate the long-terrtcomes of proposed interventions through
clinical research studies, and to optimize the system oftlhesre delivery; however, a misuse of
these sensitive information shall always be avoided. WithHIS it may be often the case that the
clinical data are separated from the administrative onélsatalatabase administrators cannot get the
full-context information they do not need. A successfull taged to synchronize DMs in healthcare
information systems shall support these scenarios.

e Extensibility The tool should be extensible in different ways in ordeowlthe user (developer)
adding of new functionality as this may be of significant impace in the continuously evolving
medical domain, e.g., the user should be able to extend ttaf sapported database objects. Syn-
chronizing capabilities ought to be improved or extendea iconvenient way, which means, for
example, without the necessity of developing pieces of nogcode (e.g., new Java classes). How-
ever, it also should be possible to add new features by addirgy ins, which is lately a common
way of extending contemporary software.

o Off-line usage The schema synchronization capability should be availalso in an off-line mode
without a direct connection to a particular database atithe of synchronization. This feature is gen-
erally required in 24x7x365 systems providing year-roued@rmance with critical consequences
when the system goes down. Certainly, HISs are the case. filime esage supports synchronizing
the developers’ and customers’ schemas before the applicdployment.

e Automation support As the synchronization process in distributed environtsiea.g., complex
healthcare information systems, is usually not a simple am®mmand line interface becomes use-
ful. It helps to manipulate schemas of various servers asgnichronize their models by previously
well tested scripts.

e Standards-based desigim order to ease the end-user usage as well as potentiakixigy by third
parties the application of standards is always essential.

e Extensive reportingA successful synchronizing tool should be capable to geaer well structured
report about the synchronization performed.

¢ DM documentationThe ability of keeping updated documentation about theectiDM is essential.
This usually does not take much additional effort as the ne@lds to learn the DM details to perform
the synchronization anyway.

o National languages supporCorrect handling of database objects named or in any othgriwked
with terms using language specific characters is an inhéganire that can be essential in localized
information systems. Even though this seems obvious ittenafot the case.

As mentioned above there are various tools supporting DMshapnization. However, these tools can
mainly serve as good inspirations but they cannot be dirersitd to synchronize DMs of EHRs and HISs
as they do not meet all the requirements well. This was maidyreason why we have developed a new
synchronizing tool in frame of our research aimed to suppontinuous shared health care.
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3. Schemagic — Data Models Synchronization Tool

Schemagigs a tool developed for DM synchronization with the focus @althcare environment. It was
developed in frame of the applied research within the ptdjgormation Technologies for Shared Health
Care number 1ET200300413 of the Academy of Sciences of the Czeghulitic. Further description of
Schemagic’s functionally, features, and usability candaafl in [19]. It is based on current state of the art
in this field and on ideas gained while studying various symeization tools with the main goal to meet all
the requirements stated especially for DMs synchronirdtichealthcare domain. The tool is open source
and can be used by anyone for free. Its source codes are baskedign patterns [20] in order to be easily
modifiable and extendable by independent developers irutinesf.

reporting
mechanism

HTML reporting
XSL template

metadata

DB

DB model

DB model to HTML

- g - = =

diff model -
|- .

—>| transformator |-

*|XSL processor |-

synchronising
XSL template

metadata

DB

DB model

DB model

file synchronising

mechanism

Figure 1: Schemagic’s functionality model

The synchronization process in a simplified form is desdrireFigure[1. During the synchronization
source schemas’ meta-data are obtained either from a datab&rom an XML file describing the DM. The
next step of the synchronization process is the executiarsp&cially designediff algorithm that compares
both the target and the source schemas and finds differefisedliff algorithm produces diff modelthat
holds all divergences. Final step of the process consistsaattion of the synchronization SQL script via
XSL transformation([2l1] mechanism. The script can be runtiamg/to perform the synchronization itself.
The Schemagic tool ready for download as well as its docuatientcan be found at WWW pagés[22].

4. Results

The Schemagic synchronization tool has been successéstigd while applying the MUDRLite EHR into
the dental medicine domain [8[1[9]. The fact that the dethftructuralization of clinical content of EHRs in
dental medicine was a significant part of our research propagsed a rapid evolution of the underlying DM
that started with a few clinical concepts and evolved stepwito hundreds of attributes and relations. The
Czech national patent application number PV 2005-229 aushtnme results of this particular research.

Owing mostly to universality of the tool there were no prabkewith compatibilities of various DMs and
their distributed parts that were evolving during the folixetion of the clinical EHR content in dental
medicine. The capability to generate the DM documentatashade our research and development very
convenient. Moreover, we have successfully applied Scigenmvehile formalizing the clinical content of
EHR systems in neurosurgery.
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5. Conclusion

There are various tools supporting DMs synchronizatiorlalvke; however, these tools are not particularly
suitable for synchronizing of DMs in healthcare domain. Wepmse a new open source software tool
Schemagic that may be used for these synchronizations. gotwilits extensibility there is no problem
with support of additional representations of EHR DMs. Ttusl has been successfully tested while
synchronizing various DMs developed within the projecbhnfiation Technologies for Shared Health Care.
Using Schemagic synchronizing tool multiplies the powet acalability of EHR systems and significantly
simplifies further research and development. Moreoverpfhen source based character and the openness
of the tool enables additional extensions and modificatafnthe tool’s features according to particular
users’ needs.
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Abstract

The aim of the paper is to present a novel, general approgmeterence modelling in the framework
of the relational data model. To allow nonmonotonic opersj the preferences are defined between
sets of relational instances. The aim is the generalizatfdhe relational algebra that is as minimal as
possible, in the sense that the formal fundamentlas of tagaral data model are preserved. At the same
time, the extended model should be formal enough to provitsuad basis for the investigation of other
new preference constructors and operations and for nevitp@spplications.

1. Related Work

Lacroix and Lavencyl]1] originated the study of preferenceries. They proposed an extension of the
relational calculus in which preferences for tuples sgiigf given logical conditions can be expressed. For
instance, one could say: Pick up the tuples of R satisf@gng”1 A P2; if the result is empty, pick the tuples
satisfyingQ A P1 A—P2; if the result is empty, pick the tuples satisfyiGg\ —P1 A P2. The composition or
iteration of preferences, however, is not considered.héeis addressed the issue of algebraic optimization
of preference queries.

KieRling et al. 284 5/16,17] and Chomicki et all [8,[9] 1] broposed independently a similar
framework based on a formal language for formulating pesfee relations. The embedding (callBest
Match Only— BMO andWinNow— WN respectively) into relational query languages theyigsdentical.
Many possible rewritings for preference queries are prieskn

KieRling et al. [2[B] introduce a number of base prefererm@structors and their combinators (Pareto
and lexicographic composition, intersection, disjointum and others). The possibility of having arbitrary
constraints in preference formulas is not considered.

The framework of Chomicki et al.[[8] emphasizes the view aéfprences as strict partial orders and
defines preferences more generally as arbitrary logicatfas. Intrinsic and extrinsic classes of preference
formulas are studied.
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Borzsonyi et al. [[1IR] introduced the skyline operator atebcribed several evaluation methods for this
operator. Skyline is a special case of WN and BMO. It is rettd to use an intrinsic preference formula
which is a conjunction of pairwise comparisons of corregfing tuple components. Some examples of
possible rewritings for skyline queries are given but noagahrewriting rules are formulated.

Argawal and Wimmers[[13] use quantitative preferencesr{ggdunctions) in queries and focus on the
issues arising in combining such preferences. Hristidal.e[14] explore in this context the problems of
efficient query processing using materialized views. Asiteal out repeatedly in their paper, the approach
based on scoring functions is inherently less expressiae the one based on preference relations. In
particular, skyline queries cannot be captured using sgoftinctions. Moreover, since the quantitative
approach is based on comparing the scores of individuaesuphder the given scoring functions, the
preferences represented in this way have to be intrinsiadtition, it is not clear how to compose scoring
functions to achieve an effect similar to various prefeseredation composition operations.

A more general approach is proposedlinl[15], where the malatidata model is extended to incorporate
partial orderings into data domains. Within the extendedehdhe partially ordered relational algebra (the
PORA) is defined by allowing the ordering predicate to be usddrmulae of the selection operation. The
PORA expresses exactly the set of all possible relatiortsattesinvariant under order-preserving automor-
phism of databases. This result characterizes the expeessis of the PORA and justifies the development
of Ordered SQL (OSQL) as a query language for ordered da¢ab&sSQL provides users with the capabil-
ity of capturing the semantics of ordered data in many aded@applications, such as those having temporal
or incomplete information.

A similar approach to preference modelling is presentedL].[ A declarative query interface for Web
repositories that supports complex expressive Web queridsfined. Such queries have two key charac-
teristics: (i) They view a Web repository simultaneouslyaasollection of text documents, as a navigable
directed graph, and as a set of relational tables storingesties of Web pages (length, URL, title, etc.).
(ii) The queries employ application-specific ranking andesing relationships over pages and links to filter
out and retrieve only the “best” query results. The Web réposis modelled in terms of “Web relations”.

A description of an algebra for expressing complex Web euseig given. The algebra extends traditional
relational operations as well as graph navigation openatio uniformly handle plain, ranked, and ordered
Web relations. In addition, an overview of the cost-basethtiper and execution engine is presented.

In [L4], actual values of an arbitrary attribute are allowtedbe partially ordered as well. Accordingly,
relational algebra operations, aggregation functionsaitimetic are redefined. Thus, on one side, the
expressive power of the classical relational model is puesk and, at the same time, as the new operations
operate on and return ordered relations, information ofguesmce, which is represented by a partial order-
ing, can be handled. Nevertheless, the redefinition of tlatio@al operations causes loss of some of their
common properties. For instancé\ B = A — (A — B) does not hold. To rectify this weak point, more
general approach is needed.

A comprehensive work on partial order in database$ is [1Bprésents the partially ordered sets as the
basic construct for modelling data. Collection of algebraperations for manipulating ordered sets is
investigated, and their implementation based on the usealizers as a data structure is presented. An
algorithm for generating realizers for arbitrary finite pakrorders is provided.

Various kinds of ordering on powerdomains have been corsitlie context of modelling incomplete in-
formation. A very extensive and general study is providefL8j.

In the context of financial and statistical applicationsteyns such as SEQUIN[20], SRQL]21], and more
recently Aquery[[2P, 23] have proposed SQL extensions torjmarate ordering.
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2. Proposed Approach

All the above approaches miss out defining nonmonotonicatjpers, e.g. set difference, on relations with
partial ordering incorporated into attribute or relatioontains. An exception i€ [17] whose generalized
difference operation, however, does not preserve comngabadical equalities. Obviously, a more general
model is needed. The proposed solution is to take all redatimstances into account instead of mere
tuples. To see why, refer to the following paragraph and tfieiiing example.

The framework of relational instances with ordered tuplas be understood as a generalizatioriuzizy
sets-based mod§24,[25] of uncertainty. The same way as a fuzzy relationstiéince can be described by
its alfa cuts, an instancB* of an arbitrary relatior? with an ordering<”*" can be described by its subset
containing appropriate tuples. The intuition suggestsioering tuples according to their preferences. That
is to say, we take into account the more preferred tuplescabethose with lower preference. Thus, for
each tuplet;, we take into account a sef}, containing this tuple and all the tuples with higher preferes:

ti={t|te R* A t; < 1}
Note thatt] € .#(R). Next, considering a unary relational operation
Ou : J(R) — J(Q),

which is a mapping from a set of relational instanced?ointo a set of relational instances of resulting
relation Q, it is applied to each s€tT. Note thatO,(¢;1) € £(Q). Finally, the order<“(®Q) on the
resulting collection

{0u(td) | t; € R*} € 7(Q)

of sets is to be determined.

Example 1 Consider a sefO,(t]) | t; € R*} C .#(Q) with a relationC implied by preference<’*” on
R*:

Ou(t]) C Ou(t) & t; <% ¢,

David,
Adam, Patrik

David,
Patrik

Figure 1: {O.(t]) | t; € R*} C #(Q) with a relationC

Note thatO, generally is not an injection. In other word®,,(¢;1) = O,(t;1) for somet;T# ¢;1. In
particular,0,, (t{1) = O, (tj1) = “Petr" andO, (ti]) = Ou(til1) = O (tn]) = “David”. To get an ordering,
we need to resolve these duplicities:

e First, as the occurrences of “Petr” are in the relatiorwe drop the less “preferred” one.

¢ In the case of the triplet of occurrences of “David”, we areble to determine the one with the
highest “preference”. Nevertheless, notice that:

— The set{Marie, David; is preferred to any of the occurrences of “David”. In otherrd&
whichever the most preferred occurrence of “David” is, itléss preferred then the set
{Marie, David.
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— There is a unigue occurrence of “Filip”, for which we can find@ccurrence of “David” with
a higher preference. In other words, whichever the mostepred occurrence of “David” is,
it is preferred more then the occurrence of “Filip”. The saraonale applies for the sets
{David, Adam, Patrik and{David, Patrik.

Thus, we get the resulting order, depicted in the followigg fe:

f—{ David ‘ Petr ‘

David, David,
Adam, Patrik Patrik

Filip

Figure 2: Ordering=<~“(@ on{0O,(t1) | t; € R*} C #(Q) 0

To sum up, the order” (%) on the resulting collectiofO,,(t1) | t; € R*} C .#(Q) of sets is defined as:

Ou(t) =7 9D 0,(t]) <
(Yt € R*)([Ou(ti) = Ou(t)] = (3t € R*)[Ou(tl) = Ou(t) A te <7 1])

As the minimal set of relational algebra operations coag$ttwo unary (restriction and projection) and
three binary operations (set difference, set union, angksian product), a binary operations need also to
be considered. In general, a binary operation

Op: 7(R) x Z(R) — 7(Q)

is a mapping from a couple of sets of relational instanceB ahd R’ into a set of relational instances of
resulting relationy). As in the foregoing example, we get a resulting collection

{Op(ti, ti]) | (ti,t),) € R* x R} C 7(Q)
of sets, and the ordet? (@) definition:

V(tm.t,) € R* x R*]([Op(til, t)]) = Op(t, )])] =
[Btn,t,) € R* x R™*|[Op(ta], 1) = Op(t, 1) At <5 1, At <7 1))

What are the consequences of this approach? Generally
Oyt i) 27D Oyt 1) = Oyt 1) 2 Ou(tiT, 1))

does not hold for nonmonotonic operations (consider thaticeial operation of difference). With respect
to the relational property oflosure it is clear that the framework for defining preference ontil@es of
relational instances needs to be generalized. We need tesxfhe preference structure on the powerset
Z(R) of all possible instanceB* of a relationR.

The foregoing definitions of orderings on sets correspondidare’s ordering. It is one of the orderings pro-

vided by the study of semantics of non-determinisni [26, Peissibility of employing another semantics,
however, needs further investigation.
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3. Summary and Future Work

A framework for relational algebra with preferences is pysgd. It should present a basis for semantically
rich, easy to handle and flexible preference model aimingeapersonalization of database queries. It
differs from the other above mentioned approaches in trapteferences are not part of the queries but
part of relational instances. Is is shown that they need tddfimed between sets of elements — relational
instances. This approach is strictly more general allowwingnodel nonmonotonic operations.

It can also be shown that the proposed approach generatiedazzy sets-based approach to modelling
uncertainty in database systems. The reason is that thists exhomomorphismA4 and B stand for sets
of attributes of relation$?):

({77 (R(AUB)) IR (R(A) Ur (R(B)) }: 05 ) — ({70 (R(AUB))UIo (R(A))Uso (R(B)) }: Q0)
of the algebra consisting of
o the support comprising all the fuzzy relation instances taa arise by means of monotonic fuzzy
relational algebra operations applied on relatif{st U B), R(A), R(B), and of

e monotonic fuzzy relational algebra operatidhg
into the algebra consisting of

e the support comprising all the relation instances with drdgthat can arise and whose order-
ing is defined by means of monotonic preference algebra tpesaapplied on relation®(A U
B), R(A), R(B), and of

e monotonic preference relational algebra operatiaps

Moreover, this homomorphism is unique for all t-norms.

Furthermore, it can be shown that associativity and comtivitiaof the original union, product, restrict,
and project operations are retained. Specifically for theegalized restrict operation, the following equiv-
alences, which hold for the classical restrict operatioa ratained:

Tp1Ves (R) = Usﬁl(R) U oy, (R)
Tp1 N2 (R) = Usﬁl(R) N0y, (R)
0-o(B) = R-0u(R)

Using the proposed approach, other relational operatioter§ect, join, and divide), also, retain the usual
properties of their classical relational counterparts:

RNS = R—(R-19)
R+S = map(R)—7ma_p ((WA_B(R) x §) - R)
RS = WAUB(@,(RXS))

These results are promising for many query optimizationgss which present many open problems. In
particular, evaluation and optimization of preferenceregse including cost-base optimization need to be
addressed.

Another open problem is how the proposed framework fits ihto relational data model. A promising
approach seems to be an array-based data model propode?, @8]2 The key component of this model
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is an ordered data structure calledamable, for array-table. Informally, it is a collection of namedays
that, in their simplest form, are vectors of elements of kgpe. In this form, an arrable is essentially a
table organized by columns. Among others, arrable fatéigahe implementation of algebraic operators by
means ofealizers[L8] — a set of linear extensions uniquely characterizingvargpartial order. Realizers
offer an effective way to implement relational operatiorithvordering. Nevertheless, a comparison with
other possibly effective implementations of relationa¢ggiions needs further investigation.

List of symbols

MN(R*) {A]| Aisafuzzy subset oR*},
J(R) setofall possible instancd®* of a relationR
Zr(R) set of all possible fuzzy instancéd™ of a relationR

“o(R) set of all possible ordered instances of a relatibn
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Informacni véda

Prace byla ¢astecné podporena vyzkumnym zamérem AV0Z10300504.

Abstrakt

Cilem prace bylo vybrat vefejné dostupné nastrojeotimujici efektivni vyhledavani publikaci
v databazi MEDLINE/PubMed s ohledem na specifické pgtfefediciny zalozené na dikazech.
Detailné jsou popsany nasledujici systemy: PubMéxical Queries, PICO, AskMEDLINE, PubMed
Interact a PubMatrix.

Klicova slova evidence-based medicine, EBM, medicina zalozenaukaztch, védecké leékaiské
informace, metody vyhledavani, feSersni systéiyDLINE/PubMed, PubMed Clinical Queries, PICO,
AskMEDLINE, PubMed Interact, SLIM, alternativni inteda, PubMatrix

1. Uvod

Medicina zaloZena na dukazech (evidence-based mediEBM) je mezioborova, klinicky orientovana
disciplina, ktera se systematicky rozviji od po&a®0. let 20. stoleti (jeji zaklady vSak byly poloZzenpoa
hem dfive). V |eékafské literatufe se termin evidef@sed medicine poprvé objevil v roce 1991 (Guyatt
a kol.) [, [2]. Jeji obsah a cile vymezuje dnes jiz kt&si definice:Medidna zal@era na dikazech je
svedomig, jednoznéné a kriticke uplatiovani nejnoejdch a nejlepich dikaZl pfi rozhodovani o péti o
jednotlive pacienty. Vykaavanim EBM v praxi je myslena integrace indivialoi klinické odbornostigkat

s nejkvalitrégj§mi objektiviimi dlikazy pochzejcimi ze systematicky pradéneho Wzkumug].

Za duchovniho otce EBM je povazovan skotsky epidengigimfesor Archie Cochrane (1908-1988), diky
jehoz sili byl koncept EBM postupné pfijat. Jehogqeédyly podnétem pro vznik kontrolovanych kli-
nickych studii a pro systematické zpracovavaniikhgich a epidemiologickych dat do metaanalyz, tzv. sy-
stematickych prehlediCpchrane reviews, systematic reviews Cochranovy systematické prehledy jsou
vysoce kvalitni zdroje informaci o urCitem tématu nddiinické otazce. Vznikaji v metodicky pfesné defi-
novaném a reprodukovatelném procesu, jehoz sovjgastimi peclivé a duikladné vyhledavani priménm’
védeckych dokumentl (publikovanych i nepublikovelmya kritické posouzeni jejich validity (k dalsimu
zpracovani jsou vybrany pouze studie odpovidajhevenym kritériim). Cilem tohoto procesu je mini-
malizovat riziko systematické chyby (bias) a ziskat takiwzna nejspolehlivéjsi zavery [4l]] [6].
Cochranovy systematické prehledy jsou alternativouakliinimu pojeti pfehlednych ¢lankl (reviews),
které byvaji zatizeny velkou nepfesnosti, nemuginé reprezentovat nejlepsi a nejnovéjsi inforenac
potfebné pro spravné rozhodovani a s ohledem nakganzdiciny zaloZené na diikazech mohou byt za-
staralé. Prlibézna aktualizace systematickychlptil Cochranova typu je provadéna ttvrtletné. Vdwo
kazdého takového prehledu najdeme datum posledmdtoguiavani informaénich zdrojii a datum posledni
podstatné provedené zmeény [5].

Medicina zaloZena na dlikazech klasifikuje riizné ttmickych diikazl podle stupné jejich nezavislosti n
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vlivech zplisobujicich nepfesnosti a systematickdghDuUkazy s nejvy$si vahou pro terapeutické postupy
poskytujirandomizovang, dvojité sleg, placebo kontrolovaré studie Naopak pacientova svédectvi,
kazuistiky ¢i dokonce nazory odbornikli maji podlevidal EBM maly vyznam.

2. Cil a metodika

Cilem prace bylo vybrat mezi nastroji umoznujicimyhledavani védeckych |ékafskych informaci
v databazi MEDLINE takové, které jsou uziteCné s olelem na potfeby a kritéria mediciny zaloZzené na
dukazech.

Ma-li byt medicina zaloZzena na dikazech praktiku&irokou lekafskou vefejnosti, je nutné, aby
pfistup k informacim nebyl licencné limitovan. Z wio dlvodu byly pro tuto praci vybrany

nastroje, které jsou volné dostupné prostfednintiriternetu a jako zdroj pouZzivaji databazi MEDLINE
vefejné pristupnou pfes webové rozhrani PubMeid N#frodni l€kafské knihovné USA v Bethesdé
(http://ww.pubmed.org ).

Systémi uréenych k vyhledavani literatury v daaiMEDLINE/PubMed je dnes k dispozici cela fada. Je-
jich rozvoj v poslednich letech akceleroval pfedevétmomny nartist védeckych publikaci na jedné sran™
a soutasné specifické potfeby uzivatelll (napf.eekgich pracovnikl, bioinformatikii, klinickych 1aki)

na strané druhé.

Nastroje popisované v tomto ¢lanku spojuje skute&riesobsahuji funkce "Sité na miru” klinicky zamaie
problematice EBM. Jedna se o filtry PubMed Clinical Quenasledavace PICO a AskMEDLINE, we-
bové rozhrani SLIM a jeho pokrocilejsi verzi PubMeddract. Navic byl otestovan software PubMatrix,
ktery je primarné komponovan spise jako bioinforitlaj nastroj, jeho nékteré prednosti vSsak mohou byt
Uspésné vyuzity také pro UCely mediciny zalozea dlikazech.

— e 1
‘e;] PubMed Clinical Queries - Microsoft Internet Explorer =S w
Soubor  Upravy Zobrazt Obibené MNéstoje Népovéda e
Q@me - © ¥ @ @ Oredar frovbene €| (3~ 2 @ - [ Br B &) &
- =
Tt/ Awunus.nebi nim.nin.gov fentrez/query fstatic/clinizal shtml \v’ Pejit | Odkazy > Aplkace Norton Antivirus Bl + @
+| Q Hedei - & W provopis - | =aEmal < | Elropup | Errah g &1 o
[a]
This page provides the following specialized PubMed searches for clinicians: = e [
e Search by Clinical Study Categor: (= =
o Find Systernatic Reviews )=
o Medical Genetics Searches v
9
After running one of these searches, you may further refine your results using PubiMed's Limits feature m
Results of searches on these pages are limited to specific clinical research areas. For comprehensive searches, ‘ =)
use PubMed direct y.
<
Search by Clinical Study Category 4 (4 ‘
This search finds citations that correspond to a specific clinical study category. The search
may be either broad and sensitive or narrow and specific. The search filters are based on the
work of Haynes RB et al. See the filter table for details
Search | Go ‘
Category Scope
Oetiology @narrow, specific search ‘
Odiagnosis ©broad, sensitive search
@therapy
O prognosis
Oclinical prediction guides
Find Systematic Reviews 'y
For your topic(s) of interest, this search finds citations for systematic reviews, meta-
analyses, reviews of clinical trials, evidence-based medicine, consensus developrment
conferences, and guidelines
For more information, see Help. See also related sources for systematic review searching
Lz
Search |
[»]| 1750
&) ® Internet sabota

Obréazek 1: Formular pro vyhledavani pomoci PubMed Clinical Qe
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PubMed Clinical Queries

Jednu z moznosti, jak efektivné vyhledat v databazi MBEE/PubMed klinicky vyznamné publi-
kace, najdeme pfimo v ramci rozhrani PubMed. Nastrépku urCeny se jmenuje Clinical Queries
a cesta k nému vede pfes hypertextovy odkaz v levé gjas# listé hlavni strany rozhrani PubMed
(http://www.pubmed.org ).

Pomoci Clinical Queries je mozné vyhledavat jednakligtypodle klinickych kategoriiGlinical Study
Category: etiologie, diagnbdza, terapie, progndza a navody prmuidké predpovédi), jednak systematické
piehledy Bystematic Review} (obr.[1). Kromé pravych systematickych prehledic@nova typu tento
filtr vyhledava navic také metaanalyzy, pfehledyldkych studii, termin evidence-based medicine, konfe
rence formulujici shodna stanoviska a prakticka dapeni (guidelines)Sirsi pojeti terminu "systematic
review” na prvni pohled vnasi riziko vzniku nepfesti@s mateni pojmu, v reSersni praxi se ale jevi jako
vyhodné z toho diivodu, Ze pravych systematickyahfdli Cochranova typu je stale jesté nedostatek a
jejich vyhledavani v fadé medicinskych oborll byskgtovalo nulové vysledky.

PICO

PICO je vyhledavaci rozhrani, kterée pomoci speé&ahiizplisobeného formulare vede uzivatele k se-
staveni spravné formulované otazky podle doporuégitdence-based medicirl€ [7]. Do jednotlivych vy-
hledavacich poli uzivatel postupné vklada kligcslova podle vzorce PICO: zadané terminy maji pos-
tupné charakterizovat: pacienta/probléRatient/Problem), IeCebny postupltervention), srovnavany
lecebny postupGomparison) a otekavany vysledelOutcome) [8], [B], (obr.[d). Je mozné definovat také
pozadovany typ dokumentu - rozbalovaci menu v dolstitazhrani nabizi pét typt dokumentli vhodnych
pro EBM praxi (klinické studie, metaanalyzy, randomiaoe kontrolované studie, pfehledy a prakticka
doporuceni). Vyhledané citace zahrnuji odkaz na akstplny text a souvisejici €lanky.

/2 PubMed/MEDLINE via PICO - Microsoft Internet Explorer == x]
e e e e |-
EzpEt - = - @[3 4| SHedat Gobibens Fmveda (¥ | By S = FH

Adresa |@j http: Jfaskmediing. nlm. nih gov/pmbhas fpica. php ;] PRt
Otkazy &]centrum  &]Google @]Hotmal &]Ssznam E]Uisk &|Upravitodkazy @(veda &|Viastniodkszy &]windows Media  @]Antivirus & |Konjunkira & papk by mailzweb >

=

Search MEDLINE/PubMed via PICO

Patient/Problem:

Age Group:
Mot specified hd
Gender:
Mot specified ¥
Medical condition: [sfter surgery
Intervention: |eary enteral nutrition
Compare to (leave blank if none): |tatal parenteral nutrition

Outcome (optional): [complications

Select Publication type:
Randomized Controlled Trial =

Sibimit| [Cear| [Back to PublMedHH]

=

|&] Hotovo I | | | mntemet

hstart] | &3slovnik... | B} dnek... | BjEekro...| &centn...| &poted,..| Ejmedin... | Eleviden... | Ecnck... [Elrum. || B & B &) >[d EEEHS 222

Obrazek 2: Vyhledavaci rozhrani PICO

Vyvoj vyhledavace PICO byl iniciovan potfebami zanegdnénych Ieékart, ktefi maji zajem o aplikaci
mediciny zaloZené na dlikazech v klinické praxi, alsoe seznameni s kontrolovanymi slovniky a vy-
hledavacimi technikami umoznujicimi efektivninhgdavani védecké Ieékarské literatury [6].
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Metodou PICO je mozné vyhledavat pomoci rozhrani nderivetovych strankach Narodni
lekafské knihovny v Bethesdé (odkaz na vyhledavaddrmiilaf je soucasti rozhrani
"PubMed for Handhelds” Http://pubmedhh.nlm.nih.gov/nim ) nebo na adrese
http://askmedline.nim.nih.gov/ask/pico.php , kde je navic zabudovan "spelling checker”
kontrolujici pravopisné chyby a preklepy.

Pfipadova Gloha 1:

Zadani: Je tasné zavedeni enteralni vyZzivy uggdipo operaci spojeno s mensim rizikem pooperacnich
komplikaci ve srovnani s pacienty s Gplnou parenténajzivou?

P | C | ¢
pacienti po operac| €asna enteralni vyziva (pIna parenteralni vyziva poopera€ni komplikacs

D

Vysledek: Bylo nalezeno celkem 20 dokumentil, z toho 8 eanidovanych kontrolovanych studii a dva
prehledové tlanky.

AskMEDLINE
Asi nejjednodussi zplisob, jak ziskat relevantnact ¢lankl zabyvajici se klinicky orientovanou pro-
blematikou, nabizi nastroj zvany AskMEDLINEBt{p://askmedline.nim.nih.gov ). Jedna se

o rozhrani, které vzniklo na podkladé vyhledavate ®I@iz vy3e). Jeho tviirci se pokusili zjednodusit
klinickym Iékaftim vyhledavani v databazi MEDLINEubMed v maximalni mozné mife pomoci metod
zalozenych na pfirozeném jazyku. AskMEDLINE je nagtro jednoduché jazykové dotazovani, ktery
umoznuje uzivatellim prohledavat databazi MEDLIRE®Med pomoci pfirozené formulované otazky
(natural language query). Uzivatel pouze formuluje dotaz nebo problém do vyhleatiho fadku, aniz

by musel znat pravidla pro efektivni vyhledavani vats#zi MEDLINE/PubMed (obE]l3). AskMEDLINE
transformuje zadani dotazu podle pravidel PICO a nab&diznam citaci spolu s odkazy na abstrakt, plny
text a souvisejici clanky [10]. V pfipadé, Ze u#el neni s vysledkem reSerSe spokojen, nabidne tento
vyhledavat odkaz pfimo na formular PICO.

18
e e e e |-
it - =~ @[3 4| QHedat [Sobibens FHveda (¥ | By S = H
Adresa |@j hittp: /faskmediing, nlm. nih. govjask/ask. php ;] PRt
Otkazy &]centrum  &]Google @]Hotmal &]Ssznam E]Uisk &|Upravitodkazy @(veda &|Viastniodkszy &]windows Media  @]Antivirus & |Konjunkira & papk by mailzweb >
=
askMEDLINE

free-text, natural language (English only) query for MEDLINE/PubMed
(with GSpell spelling checker)

Enter your question below:

|ear\y enteral nutrition compared with total parenteral nutrition after Surgery\

Clear

* Search previous queries in askMEDLINE

Feedback
Disclaimer

=

|&] Hotovo | |8 mntermet

[
o] | 3] B1e| 8)e] 1] £v) S| | £3c) £0a] 0] E0) S| Wy B1s| B EulEe || 2 B4 A EEEHS wui

Obrazek 3: Vyhledavaci rozhrani AskMEDLINE
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Pfipadova Gloha 2:

Zadani: Co je lepSi pro pacienty po operaci - Casnéraiti vyziva nebo totalni parenteralni vyZiva
Vysledek: Bylo nalezeno 59 klinicky relevantnich dokuntie

PubMed Interact

PubMed Interact je alternativni vyhledavaci rozhaoi MEDLINE/PubMed s intuitivnimi a interaktivnimi
prvky (obrf4). Na rozdil od klasického rozhrani (dostépo nahttp://www.pubmed.org ), které pro
efektivni vyhledavani textovych dokumentll vyZgtelativné dost znalosti, zku$enosti a tasu, PubMed
Interact vyznamné tyto naroky snizuje a navic umgéitadu pokrocilych funkci.

Jedna se o dokonalejsi verzi rozhrani zvanghtM (Slider Interface for MEDLINE/PubMed Searches

[L1], http://pmi.nim.nih.gov/slide ), ktera je zatim stéle testovana (beta-verze) a teklyni
vylepSovana. Nicméné uz nyni je pIné funkéni naeaéhttp://pmi.nim.nih.gov/interact

2.

‘:j PubMed Interact - BETA - Search Results - Microsoft Internet Explorer TesEestra @) s w
Soubor Upravy Zobrazt Oblbend MNéstroje NdpowEda R e
Qz- © (¥ @ & POt Frotber: @ -2 & B 5%

Adresa | @] http:/fomi.nim.nih.gov/interact/index.php v | BYpleit | odkazy ™ aplkace Nortor Antivinus B
SEZNMM [ brmatrix v | R Hedej » & Veravops -+ | ErEmal - | Elropup | | @b possfens - | M antvr | R Novinky -
diabetes AND hypertension | EETEE) Hide Limits

T

Publication Date: 2003 to most recent Methodalogy Filter: Therapy (narrow ) R

S S — ;] > S

Journal Subset: MEDLINE: free full text MeSH Mapping: Default it

-

Age Group: Ne age limits Citations to Display: 10 )

Human/Eﬂgh;h E

I ®©

DefoultUimits | Relasd Forrn [Fraven o] (Seash) 2
Information Box

Tt Resuits sucuniosed; o b,
MeSH Terms: "disbetes mellitus'[Me ST rms]AND Cbotes sipidus'[MeSH Terms] AND "hypert
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All articles -+
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4. Efficacy of intensive multitherapy for patients with type 2 diabetes mellitus: a randomized controlled trial.
Ménard J, Payette H, Baillargeon JF, Maheux F, Lepage S, Tessier D, Ardilouze JL
S, 2005 Deo &1 173(12):1457 65

PMID: 1629375 o

FUblioation Typo: Journal Artila / Randomized Gontrolled Trial

v|| 1703

&) o Internet scbota

Obrazek 4: Vyhledavaci formular v rozhrani PubMed Interact sgzamem Casti reSerse

PubMed Interacf13] vyuZiva ve vyhledavacim foraiiiEest posuvnych jezdcll ("slider bars”) pro snadné a
rychlé definovani nasledujicich limitli: Casowgezeni (Publication Date), podskupiny ¢asopisi (dalur
Subset), vékové skupiny (Age Group), vymezeni typankli, resp. pouzité metodologie (Metodology
Filter) a mapovani MeSH terminologie (Mesh Mapping). ltympro vyhledavani Ize jednoduse zadat
uchopenim posuvného jezdce na monitoru pomoci po@ramysi a tazenim doprava nebo doleva. P¥i
pohybu jezdce se nad nim zobrazuji textova pole ozieckpnkrétni hodnotu limitu. Souhrnné Ize
fici, Ze diky moZznosti nastavovat vyhledavaci tynpomoci posuvnych jezdddubMed Interact velmi
usnadiuje moznost redefinovat a flesmérovat vyhledavaci strategie v pril&hu reSerSe s ohledem na
aktualné ziskare vysledky.

Pro potfeby evidence-based medicine je velice uzagqitedevsim moznost snadného nastaveni metodolo-
gického filtru. Filtr zahrnuje tfi hlavni kategorie pukeci: kazuistiky (case reports), klinické studie (atial
study categories) a systematické prehledy (systematiews). Kategorie klinickych studii obsahuje
dalsich deset variant nastaveni filtrll pro vyhled@warameci klinickych studii. Kategorie systematiaity
review je, stejné jako v PubMed Clinical Queries (viz &j%ojata ponékud Sifeji, nez pravi v Gvodu cito-
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vana definice systematickych pfehledi Cochranova.typu

Vyhledavac pracuje s Booleovskymi operatory, réasi slovniho zakladu (truncation) a pokrocilé vy-
hledavani pomoci definovani prohledavanych galitor, titul/abstrakt atd.) znamé z klasického ronfra
PubMed je rovnéz mozné, musi se vSak zadat mana@ipEikazového fadku.

Rozbalovaci menu v levém dolnim rohu vyhledavacihofdafe PubMed Interact umoznuje také nastaveni
vyhledavéani publikaci pouze v anglickém jazyce sedalblikaci zabyvajici se problematikou pouze lidské
populace.

Pro praxi velmi uzite€na je také funkce zvana "PreviResults Count” umoziujici jedinym kliknutim
zjistit, kolik zaznamil bude zadana reserSe obsah®&teiné jako systém posuvnych jezdcti i ona zkracuje
dobu potfebnou k nalezeni zaznami s co mozna nsfjvgkEvanci na minimum. V pfipadé nevyhovujiciho
pottu zaznami {aiz velmi vysokého nebo velmi nizkého) je mozné ujirdmity pro vyhledavani ihned

a neCekat na nacitani stranky, ktera nebude vyhatuativatelovym potfebam.

Kromé vyse uvedenych vyhledavacich limitll popiso& rozhrani umoZziuje nastavit limity pro zobrazeni
vysledkll na monitoru. Jde o volbu poétu zobrazenyamnami (Citations to Display) pomoci posuvného
jezdce a dale o pfepinac v pravém hornim rohu vyhtad#ého formulare, ktery umoznuje uvolnéni prasto
na obrazovce pro pohodIngjsi prohlizeni vysledi@erse tim, Ze vypne zobrazeni limitll pro vyhleaéiv
(Hide/Show Limits).

Z uzivatelského hlediska jsou velmi cenné i dalsi femlsystému, které umoznuji doplnit a upravit sez-
nam vyhledanych citaci tak, aby zcela vyhovoval infocmigdotfebé uzivatele, pficemz zobrazeni vSech
provedenych akci zlistava na téZe strance. Praitacemi je diky tomu pfehledna a uzivatel se neatvac’
"odkazech na odkazy”. Konkrétné se jedna o tyto moznost

- Abstrakta jsou strukturovana a Ize je zobrazit na té#mnse pfimo pod pfisludnou citaci, a todbu
jednotlivé nebo u viech €lankl najednou.

- Odkazy na souvisejici ¢lanky se zobrazuji rovnééte strance pod odpovidajici citaci. Do kazdéh
ze souvisejicich Elankil je mozné nahlédnout & ot bl zavfit nebo pridat k redersi pod pfisludnou
citaci (poradi citaci se pfitom automaticky predje). Také zminovany nahled souvisejiciho €lank
se zobrazuje na stejné strance, pro zachovani piebstie umistén ve zluté oznaceném poli.

- Systém umozhuje vymazani citaci s nizkou relevanbarevné oznaceni vyhovujicich citaci dle
stupné relevance (vysoka relevance - zeleng, nidieaece - Zluté, primérné relevantni zlistavaji
bilé). Kazdou takto vzniklou skupinu je mozné zobtgko zvlastni seznam.

VSechny volby v PubMed Interact jsou sestrojeny tak, apghjenastaveni bylo mozné jedinym kliknutim
nebo tahem pocitaCovou mysi. Diky tomu je pracengtdirozhranim velmi pohodina a svizna. Toto
spolu s dalSimi atributy kvalitniho vyhledavace 7 déla velmi zajimavy a uziteny néastroj pro online
vyhledavani Iekafske literatury pro potfeby EBMlaiiované v praxi.

PubMatrix

PubMatrix je nastroj volné dostupny na internehitjy://pubmatrix.grc.nia.nih.gov ) pro
jednoduché vytéZzovani védeckych textll sprav§eanv databazi MEDLINE/PubMed s pouZitim
jakychkoliv dvou seznamil kli¢ovych slov. Provadnomocetné srovnavani studovanych termintl, eho”
vysledkem je frekvencni matice soucasného vyskyttyvdvou zparovanych terminll (frequency matrix
of term co-occurence).Ciselné (daje v matici jsou propojeny s odpovidajicieSersemi v databazi
MEDLINE/PubMed hypertextovymi odkazy. Diky moznostognavat velké seznamy klicovych slov
PubMatrix vyznamneé snizuje €as potfebny k ziskéiedanych informaci, pficemz nalezené dokumenty
predklada systematicky roztfidéné ve vystupatici [14].

S ohledem na uvedené je PubMatrix velmi cennym nastrgjenvytézovani velkych souborti molekularné
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"ej PubMatrix - Microsoft Internet Explorer 7 EN Angitting (Spojere sty @) T
Soubor  Upravy Zobrazit Cbibend Néstroje Npovéda
Qe - © - [x] B @b POHedar Frobibent €| (2~ 2 - ) B 3B 5
Adresa ‘ g hittp:/pUbmatrix.gre nia.nin.gov/secure-bindndex pl [ | Prejit | Odkazy | Aplikace MNorton Antivirus B1 = (3| ‘ @
- & Vrewops - | mEmal - | Blro | | @ rossrene - | M anevr | (Rl Novinky < &) ‘ 2
[l & =
e [ £
. LB
| | | papikova = | s
= J\ o
instryctions | B
1) Enter index information about your search \@
2) Upload or paste your delimited text file in the proper format T
3) Choose if you want to be notified by email and then press the "Submit to PubMatrix " button <9
1) Enter index information for the search.
Search Term Title: \Diagnosis [T/A]
Modifier Terms Title: |EBM [2006]
2) Either Upload files or Paste into the Text Areas.
Upload data.
File of SEARCH terms:
File of MODIFIER terms:
Paste data.
Search Terms (100 Nax.) Modifier Terms (10 Max.)
hypertension [TITLE/ABSTRACT] [#|Bvidence-Based Medicine OR EBM ~|
myocardial infarction [TITLE/ABSTRACT] Practice Guideline* 2006 [dp]
stroke [TITLE/ABSTRACT] Consensus Development Conference
renal failure[TITLE/ABSTRACT] - Clinical Evidence[Journal]
cancer [TITLE/RBSTRACT] systematic Review® [TITLE/ABSTRACT] E
colon cancer [TITLE/ABSTRACT] | |Cochrane* [TITLE/ABSTRACT]
me lanoma [TITLE/ABSTRACT] ~ |Meta-Analys*[TITLE/ABSTRACT] OR Metaanalys®
leukemia [TITLE/ABSTRACT] [TITLE/ABSTRACT] £
peptic ulcer [TITLE/ABSTRACT] 'Randomized Controlled Trial 2006[dp]
Crohn* [TITLE/ABSTRACT] [vlclinical Trial 2006[dp] 23]
3) Choose if you want to be notified by email (papikova@centrum.cz) when your search is completed.
@Yes ONo
If you select YES, you will be notified by email when your search is completed. Also, A tab-delimited text file will be emailed to you when it is LS
ready. This option is good for large queries
Searches will only run from 5:00 PM to 8:00 AM EST to comply with NCBI restrictions. [v]| 1811
&] Hotovo ® Internet sabota

Obrazek 5: PubMatrix - dotazovaci formular

genetickych dat a pro tyto (cely byl také primarnérian. V predkladané praci je popsana zcela odlisna
aplikace. Pomoci deseti vybranych terminli Gzce spaje s problematikou EBM byla provedena de facto

mnohoCetna reSerSemapuijici tuto oblast z hlediska vybranych diagnoz (BkH).

Postup pro vyhledavani informaci dle zadané prgvédilohy pomoci PubMatrix je nasledujici:

1. Po povinné (bezplatné) registraci se otevie dotadmteanka pro vepsani vybranych klicovych slov
do dvou sloupcli: "search terms” (maximalné 100) a "mediférms” (maximalné 10).

2. Zadani dvou seznami klicovych slov s pouZitimaviel pro popis a syntaxi platnych v rozhrani

PubMed (obiBb).

3. Wolba zaslani vysledkll e-mailem (b&hem testoyao

4. Odeslani zadani.

Ucely této publikace nebyla funkéni).

Vysledkem provedené pripadové Glohy je matice uhugizi okamzité prohlizeni 140 resersi (dby. 6

Vyhody systému:

- JednoduchostRozhrani dostupné prostfednictvim internetu nexitiie slozitou prlipravu a pocet

krokli k zadani dotazu je minimalni (viz postup).

- Casow spornost Po zadani jedineho vyhledavaciho formulare aisk pristup k nékolika (nebo
dokonce k mnoha) nezavislym reserSim. Jejich otgvjeemozné jedinym kliknutim na kterékoliv

pole vysledné matice.

- Nahled na studovanou problematiku z hledigk@nosti nalezerch dokumertt obsahdiicich hledar
dvojice terninll. Takova vlastnost vyhledavaciho systemu umoZiyghlou orientaci v neznamé
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|=:| Results of run number 9082 (papikova) - Microsoft Internet Explorer 7 EN Anglétna Spojené staty) (@) T g "
Soubor Upravy Zobrazit Gblbend Néstrole Népowdda "
Qs - © - ¥ B & Otedat Frobiberd @ | (2~ 2 - §
Adresa }g‘n hittp:/jpubmatrie.gre.nia.nin.gov/sacur e-bin fpastresuits pl?id =082 Lvi prefit | Odkazy ™ | mplkace Mortor Antivirus B =
Sz | <] R riede) - &9 W rraveps - | el - | Eleop | [ Qrosrers - | Hanr | Manoviky -
%y :
m- ! - Y
s | lic Results | Your Pa sults | Status | papikova
PubMatrix Results for run 9082
Dingnosis [T/A] x Search for PAPIKOVA
E‘];f'““‘l“’ Practice | Comsensus | Clinfeal | Meta-  |Randomized |Clinical oo
PubMatrix ?%€%  Guideline* | Development |Evidence |"Y* "™ (g clpane* | Analys® OR | Controlled | Tuial |y oom
s i 2006 Conference |[Journal] Revidsi® NIPI‘;ﬂlIﬁlVS* Trial 2006 2006 Sty 2006
OR EBM § i S
hypertension 105 57 160 Iz 185 172 608 163 334 o7
myocavdial g rE g 170 119 612 105 339 113
infarction - — ~ — —
stroke 333 33 76 |10 348 334 620 190 360 o8
renal failure 38 o 23 B [as 35 101 15 56 22
|cancer 1145 169 650 |37 869 448 2124 502 1518 396
colon cancer 29 10 12 ] 20 112 58 14 39 6
|melanoma 43 3 37 |5 41 5 70 16 72 LS
leukemia 129 5 26 lo 18 6 36 25 133 38
peptic ulcer 22 2 26 0 27 31 65 2 10 2
Crolm* 23 2 1z lo 28 23 62 22 50 2
[pleatative’ oy i i o s it} st 17 24 s
colitis I
|atop* 43 3 L6 2 31 20 46 23 130 L9
asthma 220 a3 = o 182 272 231 111 105 53
diabetes 464 83 142 12 260 162 465 235 455 144
2)
14:31
&) # Internet sobota

Obrazek 6: PubMatrix - vysledna matice

oblasti, zmapovani oboru, vytipovani hojné studgramnebo naopak zcela nepopsanych vztahil a
nalezeni novych souvislosti nebo pfekvapivych skuosti.

- Re%erde je nie prohizet opakova@(vysledna matice zlistava uloZzena na internetupicetatici
je mozné naviektualizovaiopét jedinym kliknutim pocitacové mysi).

Limity systemu:

- Potet terminll, které je mozné zadat do vefejnéume verze software je omezen na 10 x 100.

- Maximalni poctet dokumentl, které systém pfifad’jednotlivym polim matice je 100 000.
Z praktického reserdniho hlediska to vsak neni &mné (reSerSe o tak velkem pottu zaznamd
prestava byt resersi).

- Systém je pfistupny v omezeném tase (5 PM EST - 8 AM,ESV CR od 23:00 do 14:00). Zadani
klicovych slov do vyhledavaciho formulare je vaalkozné provést kdykoliv a pro vysledky se vratit
pozdéji (pfistup k jiz hotovym maticim neni Cagovmitovan).

- V prfipadé zadani velkého seznamu terminll (tgkaspise bioinformatickych aplikaci) nebo je-
li software pravé zaneprazdnén, je mozné, ze \dedtenebude k dispozici na pockani. Pfi
nékolikatydennim testovani systému pro UCety faublikace se to vSak stalo pouze v jednom pfipadé.

- PubMatrix vyzaduje registraci, ktera je vsak bezpfatnumoznuje napf. ukladani hotovych matic
s moznosti jejich pozdéjsiho prohlizeni nebo apeaného prohledavani v éasovém odstupu, béhem
ktereho mohlo dojit k narlistu citaci ve zdrojové ditzi MEDLINE/PubMed. Uvedeny limit je tedy
spiSe vyhodou.
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3. Zavér

Ohromny narfist mnozstvi védeckych Iekarskymtoimaci a soutasné vysoké pozadavky na jejich kyalit
z pohledu mediciny zaloZené na diikazech znesnatiikgiiim cestu k rychlemu nachazeni spravnych a
provérenych odpovédi na klinické otazky. Tatogar@redklada prehled péti nastrojii umoziajaéfektivni
vyhledavéani publikaci v databazi MEDLINE/PubMed destem na specifika EBM.

Potésitelna je skutetnost, Ze existuji volné dpsturozhrani a programy pro efektivni vyhledavankao
mentl relevantnich s ohledem na kritéria mediciny zaih@ na diikazech, ktera pokryvaji sirokou $kalu
potfeb a reSer$nich schopnosti uzivatelil.
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Abstract

This article introduces a novel approach to graph repanitig. When processing a Cholesky factori-
sation of sparse SPD matrix, problem of graph partitioningften involved. In some cases it is needed to
repartition the existing components. This operation mayimscceptably costly, because the elimination
trees of individual components must be rebuilt. This agtidéscribes a novel approach how to process
the repartitioning more efficiently.

1. Introduction

A graph partitioning problem is often involved when solviagystem of linear equations in parallel envi-
ronment. This paper focuses on sparse systems with synenpesitive definitive (SPD) matrix. System
with SPD matrix can be efficiently solved using the Choleskgtdrisation. We suppose that reader is
familiar with this method including its sparse modificatidn parallel environment.

The paper is organised as follows. Basic terminology ismivesectiofP. Then some useful assertions
about chordal graphs are given in sectidn 3. Then we comeetongin point of the paper. Removal of
vertex from graph is shown in sectibh 4, insertion of a veiteshown irfb. A practical implementation of
the repartitioning is given in sectigih 6.

2. Basic terminology

In this section we will overview the basic notation used iis {haper.

2.1. Required knowledge

First we suppose that reader is familiar with common terdaigp used in connection with sparse Cholesky
factorisation, namely:

o filled matrix, associated (or elimination) graph, filled gha

¢ elimination order, topological ordering, tree preservardering

chordal graph

structure of column/vertex

o elimination tree: parent, ancestor, descendant, childnelependent vertices, subtree,

PhD Conference '06 94 ICS Prague



Tomas Pénicka Elimination tree based repatrtitioning

e coarseffine parallelism

If reader need a help with some listed notidn< %.16, 8] wilphe

In the whole paper we make the following assumptions:

e The matrix of the problem is sparse and SPD. It is matked

e The elimination ordering ofl is markedP.

e The filled matrix ofA is markedF'.

e The associated graph of the matrxis markedG(A) or simplyG.
e The graph of the matri¥’ (filled graph ofA) is markedG(F).

e The elimination tree of is marked!".

e If G is chordal, the perfect elimination ordering@f(or A) is P.

2.2. Notations and assumptions

To simplify the notation used in the whole paper, we will use following notation and symbols in the
whole paper.

When removing a vertex frorf¥ (it is the same as to remove a vertex and colunfirom A) we suppose in
addition tdZ.1L:

o A vertex which is removed from the graph is markedrhe same letter is used for its position in the
elimination ordering.

When inserting a vertex t& (it is the same as to insert a vertex and coluniao A) we suppose in addition

toZ1:
¢ A vertex which is added to the graph is markedt is added on the" position.

Itis also needed to identify graph/matrix after removal ddigion of a vertex. So we will use the following
notation:

e When we insert (i.e. move from an another part of a larger lgjapvertexv into GG, we denote the
set of its neighbours it¥ by Adji,(v) (ADJacent set II&).

e G 1 v denotes the grapfi’ with added vertex and all edges betweenand its neighbours frortr.
(So the seta\dji;(v) andAdjs 4 ,(v) are equal.)

e By A {(v,i) we mean matrixd with row/column corresponding toinserted on thé*" position (the
it" and consecutive rows/columns shift one up), the elimimatimering ofA 4 (v, ) is P 4 (v,1).
G 4 v is its elimination graph.

e By P {(v,i) we mean ordering® extended thus that is inserted before thé” vertex. After the
insertion,; means + 1%¢ position etc.

e By F 4(v,7) (T4 (v,i)) we mean filled matrix (elimination tree) of 4 (v, 7).
e By P\ v, we mean ordering without vertexv (i.e. P restricted to the vertex set withou}.
e A\ v meansA without line and row corresponding to

e G\ v (F\v, T\v, respectively) is the associated graph (elimination tiided graph, respectively)
of A\ v.
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2.3. Used symbols

We will use he following symbols:

e PARENT(x) means parent of in 7.

e Structy (z) (Structr(z)) means structure of a column (vertex) in matfixXtreeT).

o Adj,(z) means set of vertices adjacenttin G.

o Adji(v) means set of vertices adjacenttin G before the vertex is inserted intaG.
e Childreny(z) means set of children af in T'.

e Ancestorp(z) means a set of ancestorofn 7', includingz. If there is a set of vertices instead of
singlez, it means union over ancestors of the individual elementkeet.

e T[z] means a subtree @f rooted inz € T.

If there cannot arise a confusion we often omit the subseript

3. Removal and addition of elements for chordal graphs

When describing the changes connected with repartitioofrige graph, we suppose, that the grapis a
component of a bigger graph. Then after repartitioning iyyfhappen that some vertex is removed fréGm
or is added td>.

It turns out that it is important whether the graph is chomahot. In case of chordal graphs it is much
more simpler to update the elimination tree. So we will cdrewd chordality of the graph after removal or
addition of a vertex or an edge.

When removing a vertex frort?, we can ask following question: First, is the gra@f v chordal? And
second, is the ordering of with omittedv a perfect elimination ordering fod \\ v? The answer to both
questions is positive as stated in the following theorems.

Theorem 1 Let the basic assumptions hold (secfibn 2). Gdie is chordal. Then the following assertions
hold.

1. G\ vis achordal graph.

2. A\ v is a perfect elimination matrix an#? \\ v is its perfect elimination ordering.

Remark 1 If G\ v is not connected, then theoré&ln 1 also holds with a slight fizadiion of item 1: com-
ponents of7 \| v are chordal.

When inserting a vertex, it is not so easy to resolve whethernew graph is chordal. The following
theorem gives a condition under which the new graph is cHorda

Theorem 2 Let the basic assumptions hold (secfidn 2). Gdbe a chordal graph. Let be inserted td5.
Then to check the chordality 6f 4 v it is sufficient to check only cycles which include the vertex

In the following theorem we will state some simpler condigaunder which the grap@i 4+ v is chordal.

Theorem 3 Let the basic assumptions hold (secfidn 2). Gebve a chordal graph. Let be inserted into
G. ThenG 1 v is chordal if any of the following conditions is fulfilled.
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1. Adjig(v) is a clique, i.e.p is simplicial inG 4 v.

2. A subgraph induced by verticaslji (v) is chordal. There exists a cligu€ C Adji,(v) such that
for every vertexw from Adji, (v) \ K it follows Adj; (w) C Adjig(v).

Unlike in case of removal of vertex, it is not clear whetheleafnsertion of a vertex the new ordering is
perfect. It turns out that generally it is not true. It may pap that for any the new ordering® 4 (v, 4) is
not perfect. Even any topological reordering cannot imprthis situation. The following theorem gives a
sufficient condition for the new elimination order to be ett Compare to theoreh 3.

Theorem 4 Let the basic assumptions hold (secfibn 2). die a chordal graph. Let vertexbe inserted
into G on thei'" position. ThenP (v, i) is perfect if any of the following conditions is fulfilled.

1. Adji(v) is a clique and the vertices in the clique areffhnumbered higher then or equal to

2. Vertices fromAdji(v) which are numbered larger than or equalddorm a clique (denote it byx)
and subgraph induced by verticéslji (v) is chordal and the elimination ordering restricted to
these vertices is perfect.

Now let us continue with a very important theorem which gittes necessary condition f@¥ 4+ v to be
chordal.

Theorem 5 Let the basic assumptions hold (sectidn 2). Gebe chordal. The necessary condition for
G 1 v to be chordal is that subgraph éf induced by verticeddji (v) is connected.

4. Removal of a vertex for general graph

Let us explore, what are the problems connected with rengoefi vertex from the associated graph4f

Suppose we have no need to change the elimination ordegeghter with removal a vertex. We only omit
the removed vertex from the given orderify

The simplest way how to explore the changes after removalehex is to look at the matrid. If a vertex
v is removed, then the corresponding row and column disagpmarA, see figur&ll.

Figure 1: Removal of a vertex. A Column and a row are highlighted by tteyy golour disappear from the matrik.
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When looking at the matrix., removal of the appropriate row and column is not the onlynggain the
matrix, some additional fills may also disappear. Before nalyse possible cases, we will show a useful
example. Consider matrid; with the filled matrixF;, whereo marks the additional fill

v X X X X
1 X
X 2 o o X
3
X o 4 o o X
B o= X 5 X
X o X 6 o x X
X X o o 7 o X
X X o 8 X
X X X 9
Then a matrixﬁl = I “vlooks like
1 X
2 X
3 X
_ 4 X
Fy = X ) X
X 6 X X
X 7 X
X X X 8 X

X X X 9

Notice, thatﬁl has no additional fill. In figurEl2, the elimination tree forthonatrices is shown.
(9) 9

@) (3 6)
2)
() 3)

Figure 2: Elimination trees off; (left) andF} (right).

What happened in this example? The additional fills from 2plieared, so 7 became parent of 2. Then 4
connected to 8 instead of 6. Then 6 lost its additional fill andnected to 8 instead of 7. Finally 7 without
additional fill imported originally fromv connected directly to 9. The removed leaf of the eliminatiee
caused changes up to the root.

The following useful lemma tells us how the structure of cohs of L is changed.

Lemma 1 Let the basic assumptions hold (sectldn 2). Then for evelynooz from A “v it holds:
Structy «, (z) C Structy(z).
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So the following corollary can be easily derived:

Corollary 1 Let the basic assumptions hold (secfibn 2). +.be removed frond:.
If y € Ancestory «,(x) theny € Ancestorr(x), in particular
if y = PARENTy «,(z) theny € Ancestory(z).

The corollary can be used to find where the changes in therediion tree are located. It is summarised
in the following theorem which gives a theoretical groundhe practical application of elimination tree
based repatrtitioning.

Theorem 6 Let the basic assumptions hold (sectidn 2). Remove a vert®m T'. Then the following
assertions hold:

1. Structures of vertices which are notAmcestory(Adj(v)) are not modified by the removal of

2. Two vertices cannot swap the roles in their ancestor-elegdant relationship. In particular, i was
an ancestor of; in 7', it cannot happen thaj is an ancestor of in 7" “v.

The following theorems give an upper bound on location omgkea in the elimination tree.
Theorem 7 Let the basic assumptions hold (sec{idn 2). Remove a veftexn G. Let us define seV as:
N = ﬂ Ancestory «,(1).
i€Adjq (v)

Then the structures of the vertices from the Sedre unchanged.

This statement is only of theoretical interest. We want tmpate an elimination tre€ “ v by small changes
of T, but the estimate of range of the changes demands the kngevtgdstill unknown tred” “v. At least
it is possible to state the following observation.

Theorem 8 Let the basic assumptions hold (sectldn 2). Lke& Ancestorr(v). If Structr(g) =
Structy «,(g), then there are no changes in the structures of vertices fkawestory -, (g).

Example 3 Consider the elimination tree from figulte 2. After removabpfccording to theorerfl 6, ver-
tices, which are not ancestors &f4,6 or 7, i. e. vertices fronT'[3] andT'[5] don’t change their structure.
Vertex8 doesn’t change its structure. Notice thiabecame independent®fand connected directly t@. It
is not in contradiction with theoref 8

5. Insertion of a vertex

When inserting a vertex we have a freedom of choice of therasfle. An important question is where
to insertv into sequence of ordered vertices? We will show, what hapjfene insert the vertex on a
particular position in the elimination ordering.

Denote neighbours afin G by iy < is < --- < i (numbers come from the initial ordering of mat).

5.1. Insertion before neighbours

The following theorem gives us an information, wherevill be connected to the tree after insertion the
columnv before its neighbours.

Theorem 9 Let the basic assumptions hold (sectidn 2). el ,(v) = {i1 < iz < --- < ix}, vis
inserted on the!” position andi < ;. Then
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1. vis aleafinT +(v,1).

2. iy is the parent ob in T' +(v, 4) (formally PARENT 7 | (,, 3y (v) = 41).

After connecting ofv we would like to know, how the whole tree is changed:

Theorem 10 Let the basic assumptions hold (seclidn 2). Adfi; (v) = {i1 < iz < --- < ix}, letv be
inserted on theé'" position andi < i;. ThenAncestorr (Adji,(v) ) form one line inT” +(v, 7). Moreover

Ancestorr (Adjig(v) ) = Ancestory o, ;) (Adjig(v) ) = Ancestory 4, 4 (v)

The rule that a child is numbered before its parent still lsold

An interesting situation occurs, when we reorder the vesgtiwith the tree preserving ordering before insert-
ing the vertex. It may happen that the result differs from the previous drfes experience is summarised
in the next observation.

Observation 1 A reordering which is tree preserving with respectfipis generally not tree preserving
with respect tdl’ +(v, ). (Generally, it does not depend particularly an

This property can be well exploited when we want to affect tbedering of vertices from
Ancestory o, 4 (u1, . . . ux) Which were in disjoint subtrees (i"). This is convenient for reducing of
fill connected in the new tree.

The following theorems give an upper bound on location omgkea in the elimination tree. The first one
more theoretical and gives an answer in advance before thpwiation is performed, while the second can
be considered as a dynamic stopping criterion.

Theorem 11 Let the basic assumptions hold (secfidn 2). Let us defink st follows

N = ﬂ Ancestorp(4),
i€Adjig (v)

then the structure of vertices froi remains unchanged after addition @f

Theorem 12 Let the basic assumptions hold (sectldn 2). ket Ancestorr(v). If Structr(g) =
Structr «,(g), then there are no changes in the structures of vertices fkagestory « ,(g).

Notice that the vertey generally is not element d¥'.

5.2. General case

Now we will focus on general case, where verieis not inserted before its neighbours. First we solve
a question, which vertices become childrerwofThe answer is given in the next simple theorem, which
complements theorefh 9.

Theorem 13 Let the basic assumptions hold (seclidn 2). 4.bk inserted intd@. Let Adjiz(v) = {i1 <
iy < --- < i}, visinserted on thé'" position andi; < i < i;41. (1 < I < k). Then the children of are
given by

1

U ¢;j | ¢; = max{d | d € Ancestorg(i,;) andd < i}. 1)
j=1
Simply speaking if we order ancestorsigfwith numbers smaller thai) in an increasing order then the
last vertex connects to(in other words it is a child ob).
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The vertices fromAncestorr (i1, . . ., 4;) with numbers larger thahappear in the structure of in addition
toi; +1,...,14x, which appear in the structure. So the situation ahoigesimilar to theorerfi 0.

Theorem 14 Let the basic assumptions hold (sectidn 2). Refi,(v) = {i1 < i2 < --+ < ix}, v iS
inserted on the*" position andi; < i < i;.;. (1 < I < k). Following sets of vertices align into one line
and compose the (proper) ancestor set:of

1. Ancestory (i1, .. .4;) with number higher than or equal to

2. Ancestorr(ij41,. .. 1) = Ancestorp(Struct(T 4+ v )v )
The vertices could be written in one set asfarcestory (i1, . . . , i) With number higher than or equal to
We divided the vertices into two groups for clarity and fonguarison with theoref10.

The next theorem gives an information about the structuredfces after insertion of a vertex

Theorem 15 Let the basic assumptions hold (sectidn 2). Let us insémto 7' on thei*" position. Then
following statements hold:
1. Only vertices from\ncestory (Adji(v) ) may change their structure.

2. Vertices fromAncestorr(Adjis(v) ) numbered lower thah are descendants ef, the others are its
ancestors.

6. Practical application

In this section we will show algorithm how to recompute theisture of elimination tree after insertion of
vertex. It means to recompute parent, children, and straafieach changed vertex. The algorithm for
removal of a vertex is similar but there is not enough spadkifmpaper to state both of them.

Suppose we are insertingon thei” position and we know the adjacent setdh G (Adjig(v)), let us
denote it byAdj(v). Define following sets:

C = set of children ofv defined by equatio 1

Next define
D = vertices fromAncestor (Adj(v)) with number< 4,

they become the subset of the Descendants(6f C D). Last define

E = v and vertices fromAncestor (Adj(v)) without D and N,

N is from theorenfiIl1, these vertices become the subset of tlests ofv (see theoref15).

Example 4 Let's focus on example in figui® 3. There is an eliminatior,tighere we want to insertto
the 19" position. Adji, (v) is marked by grey colour. The elimination order is writtenthg circles. In
the circle, there is written a set (or sets) which the vertelobgs to. Neighbours efwith number< i are
{5,12}, ¢5 = 15, ¢12 = 17. Foriy5 is j = 15 The result of the insertion is in figuké 4.
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Figure 3: Demonstration of set§', D, E when inserting a vertexAdji (v) is marked with grey colour.

Now we can proceed to the algorithm.

Algorithm 1 Recomputation of elimination tree after inserting of a egrt

1. Addw to the structure of all vertices ib.
2. Forall c € C assignPARENT(¢) « v.

3. Sort E by numbers in an increasing order, denote themy= eg,e1,...€4-1. Denote
PARENT(e,—1) ase,.

4. For all verticesey, . . ., e, remove from their children sets vertices which belong'to E.
5. AssignChildren(eg) <« C.
6. Forifrom1toqdo

(a) FindStruct(e;—1)
(b) AssignPARENT (e;—1) « e;.
(c) Adde;_; to Children(e;).

7. Conclusion

This paper shows that it is possible to repair eliminatiaetafter addition or removal of vertices/edges
from graph without need to rebuild it from scratch. The altion how to recompute basic properties
of individual vertices was shown. Author will work on integion of the algorithms into some solver of
systems of linear equations to compare its performancetvathitonal techniques.
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Abstract

In this contribution we are interested in orthogonal bidiaglization of a general rectangular matrix.
We describe several bidiagonalization algorithms and$eqarticularly on implementation details.

The bidiagonalization is the first step in hybrid methodsictare usually used to solve ill-posed and
rank-deficient problems$]5] arising for instance from imatgblurring. Thus we consider a matrix from
ill-posed problem and illustrate the behavior of discudsieiiagonalization methods on this example.

The second example points on the very close relationshipdest bidiagonalization and the so called
core theory in linear approximation problems$ [4], see &lE{.[ The relationship with the Lanczos tridi-
agonalization of symmetric positive semidefinite matriaealyzed in[[¥],[[8] is mentioned.

1. Introduction
Consider a general rectangular matdixe R™>*™ . The orthogonal transformations

(o7} 51 (€3]

T 52 Q2 T 52 Q2
PTAQ = B3 a3 =B, R AS= B3 a3 =0,

whereP, @, R, S have mutually orthonormal columns, are calledltihveer and theupper bidiagonaliza-
tion, respectively. Obviously these transformations are ¢yosennected, e. g., the upper bidiagonalization
of A can be expressed as the lower bidiagonalizatioA’of

In the rest of this section only the lower bidiagonalizatisconsidered, the results for the upper bidiago-
nalization are analogous. Define thl bidiagonal decomposition

PTAQ=B € R"™™, where P € R"" Qe R™™ (1)
are orthogonal matrices and = [py, ..., pn], @ = [q1, ..., gn]. Consequentyd = P BQT.
Depending on the relationship betweerandm, the matrix B can contain a zero block. Furthermore,

define thek-th partial bidiagonal reduction, k¥ < min{n, m},

PI'AQy =By € Rk where P, € R™**  Q, ¢ R™*F, (2)
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By, is the upper left principal submatrix @ and P, , Q. contains firstc columns ofP, @, respectively.
Thus

B |

T
€, Br+1 | Q1
ﬁk+2 Qf42 ) P:[Pkapk+17"'7pn]7 Q:[Qkaqk+17"'aqm]'

B =

Note that in general # P, B, QY . Finally, define the(k+)-th partial bidiagonal reductiorg <
min{n, m},

B
Pl AQy = [_EBI;T} = By € RFDXE - where Py € R Qe R™F

Remark 1 Similarly, thek-th or (k+)-th upper partial bidiagonal reduction produces bidiagonzatrices
Cr € RF¥F Oy, € RFX(HD respectively.

2. Two approaches to bidiagonalization

In this section two basic tools for computation of the bidiagl transformation are summarized — the
Householder method, which leads to the full bidiagonal dgoasition, and the Golub-Kahan algorithm,

which leads to the partial bidiagonal reduction. At the efichis section the connection between these
approaches is explained.

2.1. Householder method

The first technique can also be called Hidiagonalization using orthogonal transformations It is well
known, that for any vector an orthogonal matrixG can be constructed such th@t: = e, ||z|2. Using
these matrices, the matrix can be transformed in the following way:

& ¥ x % & o o o & & & &
® x x X x ok % ® x x & &
® kx ok X - * ok ok - ° e * & ’
o x x % * k% ° &
i. e., A is multiplied alternately from the left and right by matr&a@,, GI', G3, GT, ..., where the matrices

G; are block-diagonal with two blocks — the first block is an itignmatrix of growing dimension, the

second block is the above described mat¥ixThe vectors: are marked by é” in each step, the length of
the vectors is decreasing. Dendie= I, ,

Rk = GT Gg Gg ngfl S Rnxn, §k+1 = GoGyGg ... Gy, € Rmxm, (3)

the orthogonal matrices. Define theth and(k+)-th incomplete bidiagonal decomposition

RTAG, = [Cuone | G BT ASu, -

Ck €L elTak
e1 ef OBk | AG)

A k+1 :| = Ck+ ’ (4)

respectively, wherel*+) and A(*+1) are the nonbidiagonalized remains of the original matee, Section
B. Consequentid = R, Cy, SF', A = Ry, Cry SE,, . MatricesG may be the Householder reflection
matrices, or composed Givens rotation matrices, see, g3]g.Usage of the Householder reflections is
discussed in details in Sectibh 3.

The bidiagonalization using orthogonal transformatiangseful if the full bidiagonal decomposition df
is required. On the other hand, if only a partial transfoliorats computed, which is often the case, this
approach can be very ineffective. We refer to this technagldouseholder method(or decomposition).
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2.2. Golub-Kahan algorithm

The second technique is based on@w®ub-Kahan bidiagonalization algorithm [2] (also called the Lanc-
zos bidiagonalization, or the Golub-Kahan-Lanczos bidiedization). This approach is different from the
previous one. Assuming that the bidiagonal elements areegative, the Householder decomposition is
uniquely determined. The outputs of the Golub-Kahan aflgorj i. e. the bidiagonal form o, depend
on the vectob € R™. The algorithm follows:

00: B = []bll2; uy = b/pr;
01: wy, = ATU,1 i
02: a1 := |lwrl2; vy = wr /o ;
03: wpgr = Avy;
04: B2 = ||lwgll2; ug = wr/Pa;
05: for j=2,3,4,...
06: wy, = ATUj —Vj—-1 ﬁj )
07: a; = |lwr]2; vj = wr/aj;
08: wr = Av; —uj o5 ;
09: Bi+1 = |wrll2; wj1 = wr/Bj+1;
10: end.
The algorithm is obviously stopped on the firgsf = 0 or 3; = 0. Consider thaiy; , ..., a; and
B1i, ..., Brs1 are nonzero (and thus positive). It is easy to show {hg ;‘;1 C R7, {vj}é?zl C R™
are two sets of mutually orthonormal vectors. Denote
Pp=U;=[u,...,u;] €eR™  Q; =V; =[vg,...,v;] € R™¥I.
Then
aq
T P2 oz T By,
Py AQx = .. = Bk, Py 1 AQr = | =157 —| = B+
SRS € Brr1

Br g

The Golub-Kahan algorithm returns kath iteration, at the lin@7 and09, the k-th and(k+)-th lower
partial bidiagonal reduction of , respectively.

This algorithm is useful if the partial bidiagonal reductis required. We refer to this algorithm as the
Golub-Kahan algorithm.

Remark 2 The Golub-Kahan bidiagonalization of the matrixstarting from the vectob is very closely
related to the Lanczos tridiagonalization of the matrice4”, and A” A with starting vectors/||b||» and
ATb/||ATb||, respectively, see, e. g][1]; and to the Lanczos tridiadmagion of the augmented matrix

[OA

- - b/11b]l2
AT }, with the starting vector { 0 .

For more information about this relationship and its contiec to the so called core problem, séé [7]] [8].
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2.3. Connection between Householder and Golub-Kahan tecique

Consider thek-th partial lower bidiagonalizatio®, = P AQ; of A computed by the Golub-Kahan
algorithm starting from the vectér. Remember that; = ||b||2 . It can be easily proven that the matrix

B | o

B2 2

PE[b|A}[1Qk]= = [ e | By ] (5)
Br g

is the left upper principal submatrix ¢f-+)-th incomplete upper bidiagonal decomposition and thus the
submatrix of matrixCi.., returned by the Householder method applied on the extendsdx [b| A].
HereR, =[Py, Tkt1, --- , Tn ], andSigi1 = [[blockdiag (1, Qx) ], Sk+2, - - » Smt1]-

3. Implementation

In the previous section, two theoretical approaches to edatipn of the bidiagonalization were discussed.
In this section, some implementation details of bidiagaadibon algorithms are analyzed. We briefly de-
scribe these procedures, their advantages and disadeantBige emphasis is put on influence of rounding
errors, computational cost, and also computation speednamdory requirements.

3.1. Householder method [HH]

The implementation of the Householder method correspamtiset procedure described above. First, the
Householder matrices are defined, then the algorithm falow

Definition 1 The Householder (orthogonal) matrix, which transformsyeetorz; € R™ into the vector
r9 € R™, H$1H2 = H$2H2 7é 0,21 7é o, has the form

$I17T

H =1 - 2——
(=) EE

e R**™, where z = x1 — x3. (6)
ThusH (z)z; = o2, H(x) 2o = x1 andH(x) = H(—x) = (H(z))”.

DenoteA() = A. Denotea, the first column the matrixi¥) anda, the first row of the matrix4dU+)
(matricesAY) and AU+) are generated during the computation). The algorithm fsto

Q
i

0 € R*»*m;
01: generate two identity matrices R := I,, and S := I, ;
02: for j=1,2,3,...

00: generate a zero matrix

03: Bi = llall2; ¢ = Bj;

04: Hyj_1 := H(ay — e1 Bj) € RIv—iFx(n=j+1)

05: removea; from AV ;  AUF) = Hy, ;) AU ¢ Rv—3+Dx(m=3) -/ ypdate ofA(")
06: R := R[blockdiag (Ij_1, Haj—1)]; /I update ofR
07: aj = [|alz; Cij+1 = Qj;

08: Hyj = H(al — e1aj) € Rm=i)x(m=j) .

09: removed; from AU+) ;  AU+D .= AU Hy; € RO=)x(m=i) /I update ofA®)
10: S := S|[blockdiag (I;, Ha;)]; /I update ofS
11: end.
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The dimensions of matrice$(") are decreasing during the computation. The algorithm castdygped for

anyj = k at the line06 or 10, and the small matrixi(*+) or A(*+1) respectively, is written into the right
bottom corner of the matrig’ (this is the nonbidiagonalized part of the original matfix see [#)). Then
the algorithm yields thé-th or (k+)-th incomplete upper bidiagonal decomposition, respebtiv

The updates in the lined5, 06, 09, 10 are not realized by a matrix-matrix products (e. 4.;,= A H)
which are computationally very expensive, see renhark 3.héf knowledge of the structurfl (6) of the
Householder matrixd{ is used, then the multiplication can be rewritten in the form

AH:A(I—Qﬁ):A 2 (Az)a”. @)

13 R
For detailed description, sele [3, paragraphs 5.1.3 and]5.1.
Remark 3 The update realized by matrix-matrix product has compateti cost of orde(n?) the update

(@) has computational cost only of ordéX(n?). The implementation with matrix-matrix multiplication is
inapplicable, see Figurld 1. Further, update by matrix-magiroduct is not as stable aEl(7) update.

Advantages Stable implementation (the most stable implementationtioeed here); very quick imple-
mentation; orthogonality in the matricds, S is perfect; in each step the incomplete decomposition is
obtained.

DisadvantagesDense square matricés, S must be stored.

C time for different of the method
1000 T T T

T T T T
=&~ only bidiagonal matrix C is computed
-8 all matrices R, C, S are computed

900 H =€~ implementation with matrix-matrix products

800

700+

600 -

500~

400+

300

200+

100~

0

I L L L
0 100 200 300 400 500 600 700 800 900 1000

Figure 1: The horizontal axis shows the dimension of a random squatexnthe vertical axis shows the compu-
tational times for different implementations of the Housleler method. Note that for the implementation
with matrix-matrix products and = 1000 the computational time is= 3337.9 seconds.

3.2. Implementation details of Householder method

(i) If only the matrixC' (or its bidiagonal part) has to be computed, the orthogoraticesR , S need not
to be stored (and updated). Consequently, the éeand10 are leaved out and the algorithm significantly
accelerates, see Figuie 1.

(ii) If the matrix A is considerably rectangular, i. @.>> m orn < m, it is useful to compute at first the
QR or LQ decomposition afi, respectively. Assume for example thats> m and we want to transform
into the upper bidiagonal form. First, the QR factorization

A=1TU, ITeR™, UeR™™,

wherell has orthonormal columns arid is upper triangular is computed, then the incomplete (dj ful

bidiagonal decompositiol = RC ST is found. Summarizing, the corresponding bidiagonal fofralo
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is the following
RTAST = C eR™™, where R =1IIR € R™™, § ¢ R™ ™,
and4 = RC S7. Thus this bidiagonalization is a decomposition.

This QR data preprocessing reduces the computational €t bidiagonalization algorithm. The matrix
R is not square and thus we have to be careful while manipgjatith it. Obviously, the memory require-

ments are lower than in the previous algorithms. The QR faztion can be computed by the modified
Gram-Schmidt algorithm with iterative refinement. Then skebility of whole procedure is held. For more
information, seel[3, paragraph 5.4.4].

3.3. Golub-Kahan algorithm without reorthogonalization [GK]

In the rest of this section, we study several implementatioiithe Golub-Kahan algorithm. All follow-
ing implementations produce the partial bidiagonal reuctIn general, these algorithms do not get the
decomposition of4, because they decompose only the projectiorl @n a Krylov subspace of growing
dimension. The first simple implementation correspondstixéo the algorithm presented in Sectionl2.2.

Advantages.The fastest implementation mentioned here; memory reoueings are smaller than for the
Householder method (if a small part of bidiagonal matrixasputed, we work only with several columns
of the matrices” andQ ); very simple implementation.

DisadvantagesTotal lost of orthogonality in the columns &f and@ ; the bidiagonal elements are com-
puted inexactly, this implementation is in fact inapplieab

3.4. Golub-Kahan algorithm with reorthogonalization [GK _R]

Better results for the Golub-Kahan bidiagonalization isafted if the currently computed vectars, (line
06) andwp, (line 08) are reorthogonalized against previous vecigrs, , vj_2, ..., O Uj, Uj—1, ...,
respectively.

Really stable implementation is obtained only if the vestoy, andwg are reorthogonalized against all
previous vectors two times, sele [9]. One time reorthogaatitin or reorthogonalization against only
previous vectors is not sufficient. More than two times reogonalization is not necessary. It has been
observed that two full reorthogonalizations is sufficienathieve results comparable with the Householder
method. We refer to this algorithm [GR].

AdvantagesThe orthogonality and stability is as good as in the Housggrapproach; computational time
is comparable with the Householder approach; the memonwyinegents can be significantly smaller than
in the Householder approach (especially if a small part didgjional matrix is computed).

DisadvantagesComputation cost grows with iteration number.

4. Bidiagonalization of ill-posed problem

Consider the matrix
A = SHAW (100) € R100x100

and the corresponding right-hand-side veétarR"™, from Regularization Toolbox[6]. The systedx = b

is ill-posed, singular values ol decay fast to zerd [5] and is strongly ill-conditioned. Although this
matrix is nonsingular, its numerical rank (number of siregulalues greater that00 || A||2 €5s) is equal to
20. We try to bidiagonalize this matrix using the above désed procedures. All methods are implemented
such that they return the same bidiagonal elements in exi#lotnetic, i. e. the Householder procedures
compute upper bidiagonalization of the extended mdifrixA |, the Golub-Kahan procedures starts from
the vectoh and compute lower bidiagonalization, see Sedfioh 2.3.
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Figurel2 shows the elements of the vector

(1 = |Ibll2, @1, B2, a2, ..., Broo, @100] -

obtained by different bidiagonalization algorithms. loels the large difference between elements com-
puted by [HH] and [GK]. Further, we can see four notable pdplaces of total lost of orthogonality be-
tween generated vectors) in data computed by [GK] with ane tieorthogonalization against ornily= 20
previous vectors, but only one notable peak # 50. This total lost of orthogonality disappears if [GK]
with full reorthogonalization is used. It is obvious, th&HK] without full double reorthogonalization is
useless here. The results of [GK] algorithm (with full double reorthogonalization) aretrotted here

. Comparison of bidiagonal elements of SHAW(100)
10 T T T T

T
—— [HH]
[GK] without reorthogonalization
— - [GK] with one reort. against i = 20 vectors
— — [GK] with one reort. against i = 50 vectors
[GK] with one full reorthogonalization
T T

\
10" P
Y

-

B \ i ol
0 ! |

L [ i . i1 |

10° | \ l i ! I

107

w0k
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Figure 2: Bidiagonal elements of matrix SHAW(100) computed by diéf@rbidiagonalization algorithms.

, Comparison of bidiagonal elements of SHAW(100)
10

T T T T T
— [GK] with one reort. against i = 50 vectors
— - [GK] with double reort. against i = 50 vectors

10° H
107 F
107 b
10°
107 b
107

107

1074k

w0k

107

0 2‘0 4‘0 6‘0 8‘0 1(‘)0 1£0 1<‘10 1250 1;]0 200
Figure 3: The double reorthogonalization effect used in [&procedure.

because they are very close to [HH]. In fact, the differeneviben [HH] and [GKR] is approximately
5.9494 x 10~!3 (note that the difference between [HH] and [GK] with five fedlorthogonalizations is
approximately5.4101 x 107!'3). For better illustration of the influence of double reodaalization,
see Figurl3, where the results of [GK] algorithm with one amad reorthogonalizations against= 50
previous vectors is presented.

The matrix SHAW has very poor numerical properties and thegdifferences between the presented algo-
rithms are so large. For matrices having better numeriag@ities, [GK] with one full reorthogonalization
and sometimes also with non-full reorthogonalization cam$ged. Then the differences between computed
bidiagonal forms may not be so significant.
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5. The core problem revealing test

Consider an orthogonally invariant linear approximatiootpem Az ~ b. In [4] it was proved that the
upper bidiagonalization of the matrjk, A] determines the so called core approximation problem that co
tains all necessary and sufficient information for solvihg briginal problem. If the bidiagonalization is
stopped at the first,.; = 0 or ay4+1 = 0, then it determines the core probldsy y = 3; e; (compatible)
or Byyy =~ [ e1 (incompatible), respectively, sed (5). In this section,agasider linear systems which
contain the compatible core problem of known dimensjand thus we expect that,.; = 0. All the
following testing problems are solved by [HH].

5.1. Testing problem A
Consider the matrix and the right-hand-side

B diag (01, ...,04) | 0 T nxn B rand(q,1) n
A=TL 2 Fand(n-9) M eR™™, b =1 |——3=—| €R",

wherell; , II, are “random” orthogonal matrices computeddpyrand(n)) command (see MATLAB
manuall[11] for description ofir() ,rand() ).

Bidiagonal elements of testing problem A, experiment 1 Bidiagonal elements of testing problem A, experiment 2
T T T T T T T T T

T
PR

! e=nllAll e,

102 L L L L L L L L L 107" L L L L L L L L L
0 5 10 15 20 25 30 35 40 45 50 0 20 40 60 80 100 120 140 160 180 200

Figure 4: Testing problem A, experiment left): Core problem of dimension = 20 is revealed82; ~ 107,

Experiment 2 (ight): Core problem of dimensiog = 100 is not revealed.

Singular values of testing problem A, experiment 1 Singular values of testing problem A, experiment 2
T T T T T T T

10
— singular values of A | — singular values of A .|
_ _ singular values of A ,, _ _ singular values of A ,,

10" ¢ E|
10" ¢ 1 4

10" ¢ E|

-~ 10° | o

107 F K

L L L L 10" L L L L L L L
0 50 100 150 200 250 300 0 50 100 150 200 250 300 350 400

Figure 5: Testing problem A, experiments teft) and 2 (ight): Singular values ofl;; = diag (o4, . . ., o) followed
by singular values ofi2> = rand(n-q)
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In the first experiment = 300, ¢ = 20, (01,09, 03,...,02) = (2000, 1900, 1800, ...,100). Bidiagonal
elements obtained for this example are plotted in the ledphrin Figurd®. In the second experiment
n = 400, ¢ = 100, (01,092,03,...,0100) = (10,9.9,9.8,...,0.1). Obtained results are plotted in the
right graph in Figur&l4. In the first case, the core probleneads,3-; is evidently smaller than the others
bidiagonal elements. In the second case, the results asatisfactory.

In fact, the wrong results obtained for Experiment 2 are thesequence of an inappropriate choice of
testing problem. The random matritoo = rand(n-q)  has one very large singular value, approx-
imately omax(A422) ~ 0.5(n — ¢) and the remaining singular values decay linearly, see Eiur If
omax(A22) > o1, by influence of rounding errors, the dominant singular eatif A5, is quickly ab-
sorbed into the bidiagonal submatrix. This is the consegaei large sensitivity of this problem, despite
the stability of computation is held (this will be obviousin the following testing problem).

Remark 4 We hope, that it will be possible to explain this effect tigiothe connection between the Golub-
Kahan bidiagonalization and the Lanczos tridiagonalimatiusing the properties of Jacobi matrices, see

(71, [8].

5.2. Testing problem B
Consider the matrix and the right-hand-side

[e%1 ﬁl = 20+*rand
A=1 | P2 @ ny ermm, b =11, 0 €R".

)

Form < n, sequencega; }7., , {@};@21 are generated by the command
-10 *sort(-rand(m,1)) + rand(m,1);

and similarly form > n (see MATLAB manuall[1l1] for description afort() ). Both these sequences
contain random numbers from the inter@l 10) approximately sorted from the largest to the smallest
number (all numbers are positive). Matridés, I1, are generated in the same way as in the testing problem
A. Then we putd, 1 = 0. Summarizing, the: by m rectangular system with compatible core problem of
dimensiony is created. Moreover, the bidiagonal form of the core probige known beforehand.

, Bidiagonal elements of testing problem B, experiment 1
10 T T T

10°

107

107

10°

10°

w0k

e=minfnmi|All e,

107+ |

0™

L L L L L L L L L
0 20 40 60 80 100 120 140 160 180 200

Figure 6: Testing problem B, experiment 1: Core problem is reveatgd~ 1013,

In the first experiment: = 1000, m = 200, ¢ = 50, in the second experimemt = m = 1000,
g = 50. The core problem reveals without any complication in bathkes, for results obtained in the first
experiment see Figufé 6. Because the bidiagonal form oéthesblems was predetermined, the absolute
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error of the whole process (orthogonal transformatiorilgy II, and the following bidiagonalization) can
be computed. DenotB; € R7*J the upper left principal part of the original bidiagonal maand B; the
same block of the computed matrix, then

| By — Byll2 = 8.704253 x 107, in the first experiment and
| By — Byll2 = 5.908292 x 107** | in the second experimentg = 50.

The bigger absolute error in the first (smaller) problem @hyably caused by the inner QR factorization.

Remark 5 The absolute error must be computed only from the core proipiart of bidiagonal matrix. In
finite arithmetic8,+1 # 0, but it is very close to zero. The computation does not stapdata obtained
during the following computation are strongly influencecd=ors.

6. Calling procedures in MATLAB

All presented procedures were implemented in MATLAB sucét tthey return (theoretically) the same
bidiagonal form.

6.1. Householder-based procedures
The [HH] algorithm is called by the commands

[P,B,Q] = bidiag _hholder(A,b,k,p,tol,qgrf);
B = bidiag _hholder(A,b,k,p,tol,qgrf);

whereA is a rectangular matrix, is a vector (e. g., right-hand-side of the probldm = b). The procedure
computes the upper incomplete decompositiopbdfA | (and returns the lower decomposition4f. Here

k is the number of iterations andequals O or 1. Ip = 0, then the algorithm produces a square bidiagonal
matrix of dimensiork x k, if p = 1, then it produces a rectangular matrix of dimensibnt+ 1) x k.

Default values fork andp arek = min{n,m}, p = 0if n < m, orp = 1 if n > m. With this default
values the full decomposition is computed. If orlys prescribed then the default valuepis= 0 and the
square bidiagonal form is returned.

The procedure notifies on each bidiagonal element smabeitth , default value i =52 = 2.22 x 10716,
By the parameteqrf we can forbid or enforce the QR factorization[éf| A], or LQ factorization ofA4 ,
default (and recommended) is automatic detection. Thesibecis based on the dimensions4f and on
the demand to compute only the bidiagonal mamixor all matricesP, B, @ .

6.2. Golub-Kahan-based procedures
The Golub-Kahan-based methods [GK], [GY are called by the command

[P,B,Q] = bidiag Jdgk(A,b,k,p,tol,i,t);

This procedure computes a lower partial bidiagonal redumodif A starting from the vectos. The param-
etersk, p andtol and their default values are same adidiag _hholder() . This procedure returns
also thek-th or (k+)-th lower partial bidiagonal reduction of wherep = 0 or p = 1, respectively.

The parameter specifies the number of vectors against which we want tolmegadnalize, the parameter
specifies how many times the reorthogonalization is peréatnihe choice

1=0 or t=0 corresponds [GK] without reorthogonalization,

1>0 and t=1 corresponds [GK] with reort. againsprevious vectors,

t1=—-1 and t=1 corresponds [GK] with full reorthogonalization,

i=—-1 and t=2 corresponds [GKR] = [GK] with full double reort. (default values).
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Another combinations are possible too, but they are nottewesting, e. g., choice

i=50 and t=2 corresponds the method presented in Fifilire 3,
i=-1 and t=5 corresponds the method with five times full reorthogonéilira

All numerical examples were carried out on computer HewRettkard Compaq nx9110, Intel Pentium 4
CPU, 2.80 GHz, 448 MB RAM, in MATLAB 6.5 release 13.
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Abstract

This paper discusses the well-known cluster analysis aswhlisation tool, the self-organizing map
(SOM), and its application in image browsing. For this pwgocolour histogram feature vectors are
proposed. The pros and cons of different network sizes a@udsed, in particular how they are suited
to the purposes of direct browsing and also cluster analyiis U-matrices. The tree-structured SOM
[6l[7] is proposed as a method of acquiring multi-resolutizappings of a given input space.

1. Introduction

Self-organizing maps (SOM) are a type of artificial neuraiveek that uses unsupervised learning. They
were developed by Kohonel [3] in the eighties and have sirea bmployed successfully in a number of
applications; in particular they have been used for cluaterlysis and visualising high-dimensional data.
One example of such an application is the WEBSOM project]3which uses SOM to map, organize
and browse large document files in a two-dimensional coraddtessable space (see figre 1). Another is
PicSOM [8]9], which uses multiple SOM to facilitate contératsed image retrieval. Both of these projects
allow direct browsing of data described by multi-dimensibfeature vectors, which is the chief topic of
this paper.

In the author’s previous work 1] SOM were used to browse bjpnimages sorted according to colour
content in mappings of varying dimensionality. This pagesvgs some of the more interesting results of
this study, as well as newer results using high-resolutiee-structured self-organizing maps (TS-SOM)
[6} [4], which are used extensively in the above-mentione&®M project.

2. Self-Organizing maps

Simply put, a SOM reduces a high-dimensional input-spagteofsvectors fromz*V) to a two-dimensional
ordered grid of codebook vectors (neurofis);|i = 1..N1,j = 1..Na;typicallyN; = N»} that quantify

it. In a successfully adapted map adjacent grid nodes wihtjfy similar data, i.e. data points that have a
small Euclidean distance. The principle may be seen in figuvehich shows a typical SOM in a 2D input
space. A simple description of the basic algorithm may badaa [5].

The algorithm
The self-organization process is achieved as follows:
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Figure 1: a) AWEBSOM visualization of a large file of documents. Theotolrepresents the file density, yellow/light
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being a higher density and red/dark being a lower one. Autioally generated labels show topics discussed
in documents in different parts of the map. b) A closer vieyarft of the map. c) A list of documents located
at a specific node. These pictures were taken from an onlimedstration of WEBSOM afT15].

Q)

Figure 2: a) 2-dimensional input vectors in 3 clusters. b) A SOM, togatally ordered in a grid of 0 x 10 neurons c)
The SOM adapts itself to match the input space, each neurod&sbook vector quantifying a set of inputs.
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1. Initialise the codebook vectors; (0) at random (usually by setting them to randomly chosen input
vectors).

2. Select a random inputt) and find the best matching neuron (BMM).s.(¢) (i.e. the neuron with
the closest codebook vector). Every input sample has the saotbability of being selected.

3. Move the BMN and its topological neighbours within a certaeighbourhood distance towards the
selected input vector. Units located topologically furtrem BMN are moved less.

nij(t +1) = ni; (t) +n(t) - ¢(i, 4, 1) - [it) = n(t)]; (1)

where
n(t): No—<0;1> monotonously decreasing, (2)

d(i,,t) : Nox No x Ng — < 0;1 >,

¢ decreases monotonously with the topological distaneg pfrom n.,: and witht. The topolog-
ical distance is the length of the shortest path from oneoreto the other in the graph (grid) that
represents the network’s topology.

4. Proceed to iteratiof+ 1. Repea® and3 iteratively, reducing the proportion of the distance moyed
and the neighbourhood distangeach iteration, until they reach a certain predeterminesstiold.

As a result the codebook vectors will be attracted to largesters of input vectors as these will have a
higher probability of being selected than sparsely pogdatreas of input spacg.and¢ must be selected
with care if the algorithm is to achieve good results [5]. $€efor an in-depth heuristic analysis and
optimization of these functions.

3. Input space

It is necessary to pre-process input space so that the ¢hdil/data items are described by feature vectors.
Typically, when visualising an N-dimensional input spaddva SOM (anm x m grid), we are faced with
the task of displaying»? N-dimensional codebook vectors as 2D graphical images inaweay that each
image describes the type of data characterised by the ga@ebook vector. Alternately, we may use the
image to describe the input data that has been allocateé tmtiebook vector through vector quantization.
This may be done by finding the mean vector of all the allocdtgd and working with it rather than the
codebook vector. Further possibilities might include gsihe convex envelope of the data or otherwise
describing data distribution at the area of the codebookovediowever, this paper deals with the other
simpler alternative, that of describing the actual codébators.

Graphics and colour features

To use SOM visualisation effectively, it is first necessargonvert the image database to feature vectors.
If we are using RGB coded (Red, Green, Blue) colour pictunes tthis conversion F may be defined as
follows:

F:A— RN, 3

where
Alisamatrixm x n, A= (a;; € RGB)i=1..m. j=1..n 4)

RGB=10...255]3

F should be such a transformation that the resulting feataotov describes how a human perceives the
picture. For example, if we take a holiday photo, then a humayht describe it as a sandy beach with deep
blue water and sky. While the information that the picturateinsa beachwaterandskymay be difficult

to obtain automatically without the use of meta-data, thmidant colours and their respective quantities
can be easily obtained from the RGB coding of the picture.
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Figure 3: Colour palettes o8, 64 and512 colours. These are all cubes 2if4 and8 respectively, which guarantees
they will divide colour space266° colours) into bins of equal size.

One simple yet effective method of feature classificat(dnigithe use of colour histograms. The RGB
colour space is segmented into equal-sized bins. Each etesh@n image’s feature vector counts the
number of pixels in the picture of a given colour bin. Simplyt the vector says how much of each colour
is contained in the picture.

Depending on how many bins we segment colour space into, wenedke the feature vector more or less
discriminative. Too many bins differentiate images of $émappearance, while too few group dissimilar
images together. Heuristically, we have found that 64 colmus achieve the best results, as they create a
palette of colour sets, the mean colours of which are diffeemough to be registered as separate colours,
while the colour variance tolerated in a given set may beidemnsd to be varying shades of the given mean.
More bins cause similar colours to be classed differenthjlevfewer bins produce so little discriminability
as to forgo usefulness. See fi§j. 3.

4. Network resolution

When using a SOM to visualise a data set, it is important tmsb@ network of the correct size. This may
be best described by the neuron/input (NI) ratio.

NI=N/I (5)

where N is the number of neurons or nodes in the network arid the number of input vectors being
visualised. In this section we will show the differencesviEdn using a high or a low input ratio and
discuss which are more suitable for different tasks.

4.1. Low NI ratio

For the purposes of this papi/ < 1 is considered low. A lowVI ratio assures that most or all neurons
will quantify at least some input vectors. This will hold énthe lower the ratio and in the extreme case of
NI = 1/I will be guaranteed. On average each neuron will quantify I input vectors. If used for data
browsing, then we select such a ratio thalV I is the number of data elements we would typically like to
browse at a given moment. I¥ I is too low, the user may be confronted with too many elementsmee
causing him to miss the one he was looking for. If it is too higein searching may be difficult, as many of
the nodes will quantify only a few elements. Nodes that gfianb elements at all are not useful because
they waste the user’s time and may be confusing to navigeteigin.

The goal of the optimisation procedure is to achieve as evdistabution as possible while preserving
topology and minimising the average quantisation errorEAQAQE is the average distance of an element
in input space from its BMN. The more we demand a rigid topgltige harder it is to achieve a low AQE.
Usually, good topology preserving tends towards a more distribution [1].

If used correctly, this method allows us to view data in claioiganized by similarity into a map. It is most
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Q) b)

Figure 4: a) A5 x 5 SOM visualising a set of bitmap images characterised byurditstogram vectors. Each square
is coloured in the mean colour of the codebook vector’s istm. b) Thumbnails of the images quantified
by a selected node, in this case the centre node.

]

Figure 5: The colour map, U-matrix and U*-matrix oféd x 64 SOM mapping of 121 data elements in approximately
4 clusters. In each of these clusters further sub-clusterg e found. The U-matrix is made up of the
average distances of the neurons from their immediate heigis, black signifying very close and white
very distant. Neurons within a cluster will be close to eatieo while at the edges they will be further
apart. The U*-matrix is a U-matrix that has been processahiphasize the clusters.

suitable for direct browsing. On the downside, the low nekwesolution does not show clusters very well
and is unsuitable for analysing input space as a whole. Eigwhows a typical mapping.

4.2. High NI ratio

As discussed irf[10], large-scale networks with many nesiroay be used to bring out the emergent qual-
ities of the SOM. We observe the overall structure of the S@Mer than the data quantified by individual
neurons. One method is to calculate the average distaneebimit from its immediate topological neigh-
bours, creating what is called a U-Matrix.

U = [ugj], (6)

1
U5 = ~ Z |nij_nkl s
| Xij | klEX;,

where
XijE{k,l|ke{1...N1},le{1...N2};|k—i|+|l—j|:1}

If we display a U-matrix graphically as in figurgl 5, we can sewtlusters are being mapped by noting
which areas of the matrix have low values. Graphically, ¢hedl appear as ‘valleys’ of nodes inside
clusters divided by ‘ridges’ of borderline nodes. For mar®rmation on U-matrices (and their improved
variant, the U*-matrix) see [11].

It should be noted that with high' I ratio networks most neurons will not quantify any inputsughsuch

networks are unsuitable for direct browsing purposes, aseawould have a difficult time finding inputs
sparsely distributed across the map.
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Figure 6: A U*-matrix and the resulting cluster map. These clustersevelected by hand according to the borders
visible on the U*-matrix. Ideally, an automatic process Vaoloe used to determine the clusters.
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Figure 7: A gallery of pictures displayed in a quantum tree-map witlotBmesa image browser. Each partition
represents a folder. Here, the algorithm is optimised toavsdable space as efficiently as possible, while
enforcing rectangular partitioning.

When using a U- or U*-matrix to locate clusters, we take sdtslasely-packed nodes (low U-matrix
values) bordered by nodes that are far from their immediaighbours (high U-matrix values). See figure
B. These clusters, however, are unordered and do not forigudaremap.

It would be possible to supply the user with information nefiyiag adjacent clusters or alternatively, the
clusters could be displayed using a quantum tree-map witmadle navigation [12]. Figuld 7 shows a
large set of images displayed in a quantum tree-maptytomesamage browser.

Unfortunately, larger networks take longer to adapt, aseam@urons must be searched when finding the
best-matching neuron (BMN). This may be an issue if the SOphi$ of a user-application where adapta-
tion speed is paramount.

5. Tree-structured SOM

One way we can simultaneously analyse input space with mdHoav input ratios is to use a tree-structured
self-organizing map (TS-SOMYJ[B] 7]. This is a hierarchitaucture of SOMs of exponentially increasing

size. Each level of the TS-SOM adapts separately, but inalver levels, the search for the best-matching
neuron is limited to those hierarchically connected to thé\Bof the previous layer. See figue 8.
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Figure 8: A 3-layer TS-SOM with 4 neurons at top layer and 64 at the lmotto

L

Figure 9: 4 layers of a TS-SOM show colour distribution of an input spatimages at different resolutions

5.1. The basic algorithm
The algorithm works as follows:

1. Perform one iteration of the SOM algorithm on the top layer

2. Perform one iteration of the SOM algorithm on the next tapet limit the search for the BMU to
the neurons located under the winning neuron of the prevayes.

3. Repeat 2 until all layers have been updated.

4. Repeat 1 to 3 until the SOM thresholds have been met.

The advantages of such a structure are obvious. Insteadrfoiripéng a full-search for the BMN at the
lower layers, we restrict ourselves to a constant numbeeaofons per a given layer, thus greatly increasing
the adaptation speed. The complexity of the algorithi® (&g N), whereN is the number of neurons on
the bottom layer]l7]. Also, due to the hierarchical struittgr all the SOMs will be orientated similarly in
input space and the TS-SOM as a whole may be considered aneadiution mapping of the given data
set. See figurg 9.

5.2. Wide-search TS-SOM

One unfortunate property of the TS-SOM is the propagaticeradrs to the lower layers. Inputs bordering
between two neurons on a higher layer may gradually beconne amal more poorly quantified as the BMN
becomes more and more restricted. During our experimenfeowsad that on the lower layers, inputs had
a tendency to group together rather than spread themsaleetyeover the map as is typical in correctly
tuned SOMs. As noted inl[9], better results may be achieveallbywing searching for the BMN in a wider
scope, which includes neurons adjacent to those directigia higher layer (figufe10).
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Figure 10: wide-search for the BMN in neighbouring neurons

5.3. Multi-resolution correction

The unfortunate side effect of the wide-search improveronétite TS-SOM algorithm is that the separate
layers become desynchronised. This degrades the qualihedfS-SOM as a multi-resolution mapping.
In [2] we describe a simple and effective method for rectifythis problem and removing the desynchro-
nisation effect. It should be noted that good synchrorisadiso improves the quality of the search for the
BMN and brings the TS-SOM closer to the quality of the staddali-search methods.

5.4. Alternative models

The TS-SOM is not the only hierarchical model of the SOM.[18][& Multi-layer SOMis proposed. It
differs from the TS-SOM in that the higher levels adapt tofibsitions of the codebook vectors of the level
directly beneath them. This means that there is no synckation between layers. Also this method does
not have the benefit of the TS-SOM'’s acceleration when sgekim BMN.

Another model is theEvolving Tree which has an indefinite structure that evolves and growst tthé
presented data. It has good data-fitting qualities andnetdie speed of the TS-SOM, but due to the
unpredictable nature of its structure is unsuitable foectibrowsing applications as described in this paper.
Seel[14].

6. Conclusions and discussion

Self-organizing maps can be used effectively for the puemiwvisualising large galleries of colour bitmap
images (inl[1[ 2] we tested mappings of several thousandés)agThe image pre-processing need not
be overly complex, provided that the resulting feature @ectiescribe the images in a way that a human
would perceive them. Itis important to take into considierathe neuron/input ratio when designing SOM
applications. Small maps are suitable for direct browsippgliaations, whereas large ones are better for
analysing the overall data structure.

By using tree-structured SOM we can achieve both goals a¢ dayccreating a synchronized multi-
resolution mapping that includes both high and low resofutmappings. However, the lower high-
resolution layers will be even less suitable for directvizsing purposes than standard single-layer SOM
of equal dimensions. TS-SOM are, however, advantageowsibedhey greatly accelerate the search for
the BMN in large-scale SOM.

Using SOM gives us an advantage over more conventional mefaliowsing in that they allow us to
sort data according to similarity, which facilitates adatice searching and may be useful when analysing
it. The methods and algorithms described in this paper haea lshown mainly in the context of image-
browsing, but they could be used just as well for any othed kihdata that can be described in terms of
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feature vectors.

Future work will consist of developing and exploring newgdnial models and model variants based on
self-organizing maps for the purposes of data browsing aadi/ais.
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Abstract

In the paper, we introduce the application of the matherahtitodel of piezoelectric resonator. It
solves the real problem of thickness-shear vibration gblane parallel quartz resonator. The results,
compared with the measurement, will be given in the article.

The finite element (FEM) model of the piezoelectric matstiddased on linear piezoelectric state
equations, leads to a large generalized eigenvalue probResonance frequencies are subsequently
found by solving this algebraic problem. Typically, we am@ imterested in all eigenvalues (resonant
frequencies), only for those corresponding to so-calleshidant resonant frequencies. For solving the
algebraic problem, we use implicitly restarted Arnoldi ihned implemented in Arpack library. For the
coarser meshes, we compute complete spectra and find theefreigs of dominant oscillation modes
(according to the electromechanical coupling coefficiefit)en we focus on the part of spectra near to
the chosen dominant frequency and repeat the computatiorffoed meshes. From the results, we can
also find out the intervals between dominant resonance érezies (which is other important parameter
describing the behavior of resonator).

1. Physical description

We very briefly sketch the physical properties of the piegoklc materials. The detailed description was
given in [2] and [[8].

The piezoelectric oscillation oscillation is governed News law of motion and the quasi static approx-
imation of Maxwell’s equation. These two equation are agalished by two linear piezoelectric state
equations. The partial differential equation for displaemtu and electric potentiab result,

025 0 1 [oa, o AN
- a5 Z C o a_ a_ d Z a_ = 1, 27 ) 1
25 " o, (C]kl2[8$l+8wk}+ ’”axk> ! 3 @
o | [oa o 03
=7 (g, 1|2 s 22 2
0 Oxy, (dk” 2 [('hj + 8:171} Cki 817]-) @

Quantitiese; 1, dii; ande;; represent symmetric material tensors, playing role of tlaemial constants.
Additional, tensors; ;x; ande;; are positive definite.
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Initial conditions, Dirichlet boundary conditions and Neann boundary conditions are added:

4;(,0) = w;, x€Q, 3)
u; = 0, 1=1,2,3, xe€Tly,
Tyn; = fi, 1=1,2,3, zely,
¢(,0) = ¢,
¢ = ¢p, ze€ly,
Diniy = g, zely,

where
r,ury=r,r,Nly=0,Tr,Ur,=r, r,Nr,=0.

Right-hand sidef; represents mechanical excitation by external mechanarak$,q denotes electrical
excitation by imposing surface charge (in the case of fr@dlasons, they are both zero). Equatiofis (1)-
@) define the problem of harmonic oscillation of the pieeg#ic continuum under given conditioris (3).

2. Numerical solution

2.1. Weak formulation and discretization

We derive the weak formulation of the problef (I}-(3)in thenslard way, using the Green formula and
boundary conditions. Then we discretize the problem in epaciables, using tetrahedron finite elements
with linear base functions. The process of weak formulasiod discretization is explained in more details
also in [2]. The system of ordinary differential equatioos ¥alues of displacement and potential in the
nodes of division results. It has block structure,

MU + KU +PT® = F, (4)
PU - E® = Q. (5)

After introduction of Dirichlet boundary conditions, subatricesM, K andE are symmetric and positive
definite.

2.2. Generalized eigenvalue problem

The core of the behavior of the oscillating piezoelectrintomuum lies in its free oscillation. Free os-
cillations (and computed eigenfrequencies) tell, whensiystem under external excitation can get to the
resonance. For the free harmonic oscillation, the systérogid be transformed to

(5 ) (3)-(2)

wherew is the circular frequency of oscillation. Eigenfrequesaan be computed by solving the general-
ized eigenvalue problem
AX = ABX (7

(K PT (M 0 o
A(P _E),B<O 0>,>\w,

whereA is symmetric and is symmetric and positive semi-definite matrix. Resonaneguencyf can
be computed from the relation

with

w =2nf.

Computed eigenvectors (resp. paft describe the modes of oscillations. For solving the gdizex
eigenvalue probleni]7), we use implicitly restarted Arnoiethod implemented in Arpack libraril[4] (in
Fortran language). Inner steps in the process use direa¢rststbm Skypack library[]B] for solving the
symmetric indefinite linear systems. It is suitable for smiypartial eigenvalue problem (computing of
several eigenvalues with high precision) with possibitifthe shift and it allows to deal with the sparsity
of the matrices. Using of the shift enables to obtain thereigkies from desired part of the spectrum with
better accuracy.
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Preprocessing 1. Geometry of resonator GMSH
2. Setting boundary conditions ~manually
3. Building mesh l GMSH

*.msh file boundary_conditions.dta file

\

Computation 1. Computation of global matrices
2. Introduction of boundary conditions  c++ code
3. Solving the eigenvalue problem Arpack & c++ code

freq.dta file * pos file \
coupling_coefficient.dta file

Postprocessing 1. Text output

Use of shift

1. Selection of dominant modes c++ code  |If proper modes not found
2. Vizualization of selected modes GmsH

!

2. Graphic output

Figure 1: Scheme of computer implementation of the model and its stage

2.3. Computer implementation

The realization of the model consists of three parts: pregssing, processing and postprocessing (Big. 1).
In pre- and postprocessing parts, we use the free softwarBib[¥] for mesh generation and visualization
of the results. For building the global matrices, we devetbpur own code written in C++ language. For
solving the generalized eigenvalue problem, we use the dkrfd] implementation of implicitly shifted
Arnoldi method (in Fortran code). All parts are debuggedemdfindovs XP.

The preprocessing part consists of building the geometgdiaing to the engineering assignments) and
mesh of the resonator, see Fig. 2. We use the GM$H [5] code piidoessing part computes the global
matrices and the consecutive eigenvalue problem (usingdfitexwith parameters - accuracy, number of
computed eigenvalues, shift, etc...). It gives severgpwaiutiles, which are used in the postprocessing.
Computed eigenvalues and eigenvectors define the osmillatiodes, which are sorted according their
electromechanical coupling coefficient¥he electromechanical coupling coefficignts defined by the
relation [1]

E2
2 m
M= Bk
where 1 1 1
By =5 (UTP®), Ey =5 (UTKU), E;=; (2"E®)

are (sequentially): mutual energy, elastic energy ancdigt energy. The higher the valuelafthe better
the possibility of excitation of the oscillation mode.

3. Application on the real problem - vibration of in-plane parallel quartz resonator

The model was applied on the thickness-shear oscillatiath@fn-plane parallel quartz resonator. This
resonator is manufactured in the company Krystaly, a.sideat in Hradec Kralové[7]. We looked for
dominant modes i direction.

The geometry and the illustrative mesh of the resonatortamess on the FiglI2. It is a circular wafer with
radiusR including two circular electrodes with radiuplaced in the middle of upper and bottom side. The
resonator is fixed in two opposite spotsirdirection. The thickness of the resonatohisAll parameters
are listed in the Talll 1. The resonator is made from quéiftz- cutss 250.
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R (mm) | » (mm) | A (mm)
7 4.5 0.333

Table 1: Proportions of resonator sample.

Resonance frequengy Measured (kHz)| Computed (kHz) | Relative difference
basic 4962 4210.843 15.1%
1. harmonic 5067.5=1.02f; | 4246.481 =1.0¥; 16.2%
2. harmonic 5102.5=1.03; | 4331.652=1.03; 14.7%

Table 2: Comparison of measured and computed dominant resonamginegs of thickness-shear vibrational modes.

mounting
u=0

electrodes

Figure 2: Geometry and illustrative mesh of plan parallel resonator.

For listed results, parameters of the computation feere

Mesh: number of nodes = 7360, number of elements =31860

Matrices:

matrix A 9771 x 9771, 100430 nonzero elements of upper tringular part,
matrix B 47038 nonzero elements of upper tringular part

Computational time:

preprocessing part 3 min, processing part (for 400 eigenvalues}s min,
postprocessing part 1 min

Memory demands (for 400 eigenvalues)).8 GB
Computer equipment: PC, Celeron CPU 2.6 GHz, 1 GB RAM

Experimental measured results were obtained from the dpmetnt department of Krystaly, a.s. The mea-
surement output (shown on Fifl 3) describes the phase aftpbhse dependance on the excitation fre-
quency, with marked resonant frequencies.

3.1. Results

Table[2 shows the comparison between measured and compugeddominant resonant frequencies of
thickness-shear vibration. The average deviation of caegpresults form the measurement is rather high,
about15%, but the relative distances between particular frequeraie well-kept.

1The spatial reduction to the-direction was used.
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Graph of electromechanical coupling coefficients, from ehhihe dominant frequencies can be located
easily, is shown on the Fifl 5.

On the next several pages, the visualized experimentaltsese compared to the ideal theoretical state.
The Fig.[® shows the ideal state: active vibrational sestiamplitudes distribution on axisat the upper
plate of the resonator and vertical cut. Aside from this,FiguredVEIN show the measured results: whole
resonator with displayed amplitudes, schematic amplgwdistribution on axig at the upper plate of the
resonator and vertical cut.

The presented results were obtained from the computatitim tive parameters mentioned above. For
finer meshes (leading to larger dimension of the eigenvaloklem), the computational time considerably
increases, which is caused by the limited memory capacitis fact can be partially avoided e.g. by several
repetitions of computations for a smaller number of eigéres

The computed modes contain certain amount of the compuottimise (mostly evident in the third domi-
nant mode), but their types can be uniquely identified withitieal states.

Possible use of the results in the design process.: The model allows to follow up the resonators
behavior depending on the changes in its shape propertean/fxample, the graph on the Hi. 4 shows
the dependance of the resonant frequencies on the chanige onator thickness and the separation of
the particular frequencies. The dependance of the resdregptencies on the thickness should be linear.
This fact is well represented by the model.

Such results can be used in the design process of the resoaa&to in the optimization process, when
we look for such shape of the resonator, that would have tige ldistances between particular dominant
resonant frequencies.

4. Conclusion

The computerimplementation of the model brings the comgamsive programme module, which is suitable
for determination of the dominant resonant frequenciegal oscillation problems, including the various
shaped resonators.

The previous testing confirmed the applicability of the mpdéh computed results corresponding to the
analytic solutions. The model, applied to the real task efttiickness—shear oscillation of the plan—parallel
quartz resonator, brings qualitatively demonstrable exguent with the measurement and keeps the fre-
quency separation in the right proportions. The shift betweomputed and measured dominant resonant
frequencies shows the limitations of the model, but afterdhlibration to a reference instant, the imple-
mentation of the model can be used for practical computati®dhe model embodies accurate response to
the change of the input parameters (e.g., it records thatdidependance of the resonant frequencies on the
resonator’s thickness).

There are some areas of interest for the future work. The imadming task is to develop the optimization

programme module, which would be suitable for the use in sligsign process of new resonators. This
involves to repeat the solution of the eigenvalue problerasyrtimes. With this objective, the need of a

computer implementation running faster than the presentede may arise — e.g. with the help of parallel
computation.

Towards the quickness of computation stays the need of vegynfieshes to express the complicated oscil-
lation modes. This fact leads to algebraic problems witty V@mge dimensions. The numerical algebraic
methods, used in the model, have a good computational pesfoee, but are limited by the memory size on
the PC. The possible way to solve more extensive algebraligms with keeping the good computational
performance is using the implementation of multilevel eiggue methods.
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Frequency of oscillation of AT cut, diameter 14.0 mm, thickness 0.3355
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Figure 3: Phase dependance (upper line) and shift phase dependarizem(tine) on the excitation frequency. The
maximal phases correspond to the resonances.
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Figure 4: Graph of dependance of resonant frequencies on the thiglofehe resonator and intervals between par-
ticular frequencies.

PhD Conference '06 129 ICS Prague



Petr Ralek Thickness-shear vibration of in-plane pakplilezoelectric resonator

120 ‘
& 100
80 F i
> n
%. il (| -
s ul ]
3 60 o m WL - CEACRCE L
I ul o w | ™ [ m w|am
" ol - ml [ g [ ol 2 c
m " " Iau -
40 . s T
m |m r | - 'n
N | |m My | m ™
20
0
0 500 1000 1500 2000 2500 3000 3500 4000 4500 5000 5500
frequency (kHz)

Figure 5: Graph of electromechanical coupling coefficients for fir604esonant frequencies with marked three
dominant oscillation modes.
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Figure 6: Schematic draft of theoretical shape of the first three damtimodes and distribution of the amplitudes (in

the z-direction) on the axig (left curve) and in the z-plane median cut.
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a vector map i
9.43e-018 2.07e-010 4.15e-010 Vi\x

Figure 7: Computed first dominant mode.

Figure 8: Curve of the amplitudes (in the-direction) on the axig (left curve) and in theyz-plane median cut.
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a vector map 6 i
943e-018 1.43e-010 2.85e-010 LX

Figure 9: Computed second dominant mode.

VAN AN

Figure 10: Curve of the amplitudes (in the-direction) on the axig (left curve) and in theyz-plane median cut.
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a vector map
943e-018 1.33e-010 2 66e-010 LX

Figure 11: Computed third dominant mode.
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Figure 12: Curve of the amplitudes (in the-direction) on the axig (left curve) and in theyz-plane median cut.
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algoritmy, metody a nastroje pro vytvareni sémantického webu” a ¢astecné i vyzkumnym zameérem
AV0Z10300504 "Informatika pro informacni spoleCnost: Modely, algoritmy, aplikace”.

Abstrakt

Odhad struktury dat ziskanych napfiklad z webovychojidIze vyuZit jednak pro uloZeni dat,
tak pro netrivialni dotazovani nad témito datyClanek rozsifuje metodu odhadu struktury dat
ziskavajici odpovidajici schema relatniho eladze vstupnich dat a popisuje metodu ulozeni dat po-
moci jednoduchého asociativniho Glozisté davpraa zakladé odhadnutého modetianek diskutuje
dvé mozné implementace UloZisté: prvni uchoyi@valata jako instance funkEnich zavislosti, druho
uchovavajici pouze instance funk&nich zavislogtznpednoduchymi atributy rozsifenou o podporu kom-
plexnich atributll pomoci metainformace.

1. Uvod

Struktura dat pfedstavuje soubor véeobecné platngtihii nad danou mnozinou dat, coZ nasledné vede
k popisu kazdého prvku z této mnoziny jednotnym zgieso na zakladé zvoleného modelu dat. Tento
model miiZze napfiklad vychazet z teorie relatnictaldazi, pfitemz vztahy mezi atributy jsou popisayan
pomoci funkénich zavislosti.

Odpovidajici mnozinu funk&nich zavislosti Izeskat postupnym testovanim, napf. pomoci naivniko a
goritmu, pficemz se testuje vztah mezi kazdym prvkepotenéni mnoziny atributll a jednim konkrétnim
atributem, coz vede na algoritmus s nepolynomialruisiati.

Odpovidajici data mohou byt nasledné ulozena jakmiZma instanci nalezenych funk&nich zavislosti,
navrhované Glozisté tedy musi umoznit pokryt itarece funkénich zavislosti s komplexnim atributen¥ c
vede na komplikovanéjsi mechanismus prace s (trns

Clanek popisuje navrh zjednoduseni vyse naséhénilozisté inspirované formatem RDF (Resource
Description Framework)[[1], ktery je pouZivany v presti sémantického webiil[2]. Vyhodou tohoto
formatu je jeho jednoduchost a vysoka popisovaci scbsprdata jsou uloZzena ve formé uspofadanych
trojic < objekt,vlastnost, hodnota >, nebo alternativné pomoci trojie. objekt, vztah, objekt >,
odpovidajici binarnimu predikatu. Data ulozentmto formatu ze své podstaty nemuseji byt funkéniho
charakteru.

Podobné Glozisté zalozené na popisu funkEniawigdostmi bude organizovano pomoci asociacnich
pravidel mezi dvéma atomickymi entitami v€etné pojmefni tohoto vztahu. Takové Glozisté bude dale

pomoci metainformaci rozsifeno o podporu popisultmezi komplexnimi atributy bez nutnosti ukladat
i odpovidajici instance, coz vede na redukci pamch naroki Gloziste.
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Clanek mimo jiné ukazuje, Ze takové feseni je meopaliZit za predpokladu, Ze vstupnimi data jiz obfahu
nebo budou rozsifena o atomicky atribut, ktery ptadsje primarni kli¢ vsech objektu.

2. Odhadovani struktury dat

Motivaci proodhadov ani struktury dat [B] je efektivni ulozeni dat ziskanych pomoci spéez@
vanych nastrojtil]4.]5] automaticky extrahujicichalatwebové stranky. Vhodnym zdrojem dat pro tyto
metody byvaji takzvan@roduktov & katalogy ; webové stranky prezentujici technické informace,
pficemz format vétSinou odpovida néjakému imiphimu popisu dat.

Pfipomenme, Ze Gloha odhadu struktury dat ma vyznanmze naextension aln i Urovni , tedy
vysledek Glohy je vzdy svazan s konkrétnimi vstupndaty C' (extensionalni Groven vysledku je znacena
hornim indexem, napi}/ ). Naopak, definovani Glohy na intesionalni Grovnpjencipielné nemozné.

Rlzné metody pro odhad struktury dat jsou zaloZzenyhaian im algoritmu  uvedeném napfiklad
v [[7]: algoritmus postupné prochazi viechny prvky z iing atributl A € .7 (cyklus[l) implikovanou

vstupnimi datyC' a pro kazdy prvek z potenéni mnoziny atribixic 22 (7¢ — {A}) (cyklus[2) testuje
existenci funkéniho zobrazerfi : 25 (X) — 25 (A) (testD3), pficemz symba¥$ (A) znati aktivni

doménu atributud vzhledem kC. Na zékladé existence této funkce (na extensiondioiri vzhledem

k danému’) predikuje moznost existence funkéni zavisl¢sfi — A) na Grovni intensionalni.

MC =0
forvA e &#¢ (1)
forvVX € 2(7° — A) (2)
if 3.7 : 29(X) — 25 (A) then (3)

M= M U{X — A}

Oznatime-lin pocet atributti v cykIu{1) a» pocet objektll ve vstupni kolekci, sloZitost tohotoaltmu je
dana prevazné velikosti potentni mnozy ! (cyklus2), nékdy byva diskutovand [9] i slozitosttte§d)
funkeni zavislostO((nm) - m). Celkova slozitost naivniho algoritmu tedy je:

O(n-2" ' -nm?) = 02" 'n*m?) 4)

Pfedmétem vyzkumu v této oblasti, ¢Casto oznaCovga&o functional dependency
discovery  [B, €, [4,[8,[9,[ID[11], je redukce poctu testovanych fum&ld zavislosti. Formalné
hledame mnozinl®’ c P = 2(«/¢ — A), ktera bude implikovat shodny model jako plvodpi
PFfevazné se jedna o zavedeni postupné dekompaaitmiei k modelu bez trivialnich funkZnich zavisiost
Mr.

Ail — Aj e M~ Aig — Aj e Mr VAZQ D) Ail (5)

Nékdy byva zohlednéno i hledani miniméalni mnoZjB] funk&nich zavislostivis ¢ M implikujici stejny
model diky transitivité funk&nich zavislosti.

Ai—>AjEM5‘/\Aj—>AkEM5"\’>Ai—>Ak€M (6)

3. Asociativni Ulozgté dat

Pfedpokladejme, Ze pomoci zvolené metody odhadnémgigru dat na zakladé vstupnich dat Disku-
tujme nyni nejjednodussi mozny zplsob, jak datZit[AZ].

Pro zatatek neuvazujme funktni zavislosti s kompiew atributy. Za tohoto pfedpokladu mnozina
moznych levych stran funk&nich zavislosti se regakpouze naP’ = «/¢. Diky tomuto omezeni
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ziskavame polynomialné slozity algoritmus pro edhmodelu, navic bez nutnosti testovani funkZnich
zavislosti s komplexnimi atributy.

O((n - n) - (m)m) = O(n*m?) (7)

Navrhnéme @loZist&@ popisujici instance funkénich zavislostf . Zakladnim modelovacim prvkem
zvolime element predstavujici dvojici atribut-hodnotéAd; a). Na zakladé vstupnich dat pfifadime
mnozinu element:

E={e=(Aa): Acw%ac2A))} (8)
|E| < nm 9)

Ulozisté predstavuje mnozinu instanci funkéniévislosti, na néz méizeme nahlizet jako na aswaiat
pravidla mezi elementy
O ={e; —ej:e,e € E} (10)

Tato representace je napadné podobna organizaci RDilerktl (proe; = (Ai;air),e; = (Aj;a5)) aje
na ni preveditelna.
< A; rdf:about=a;’ >
< A, rdf:resource=;/" / > (11)
< JA; >
Ulozisté® je konzistentn 1, pokud
Vaquajqﬂajzg 75 aj (Ai;ai/) — (Aj;ajq) cdA (Ai;ai/) — (Aj;ajfg) cd (12)
Analogicky mnozina element¥ C E je konzistentni, pokud

Vaquaj/lﬂaj/Q 7é ajrq - (Aj; ajfl) e XA (Aj; aj/g) e X (13)

Pokud UloZzist&b obsahuje pouze instance funkénich zavislastt, je vzdy konzistentni. Pak je mozné
z Ulozisté odvodit strukturu dat na zakladé pravidla

VA, Aj € /% 3ay € 95 (Ai), a5 € 25 (4;) : (Aisai) — (Ajia5) € D~ Ay — Aj € M® (14)
Zpétné, struktura dat implikuje pozice v GloziStickk mohou nést informaci.
VAZ',AJ' S JZ{C A — Aj ¢ M?® -~ Ya; € Qg(Ai),Vaj/ S @S(AJ) : (Ai;ai/) — (Aj;aj/) ¢ P (15)

Ze vztahul(I¥) vyplyva, Ze neni nutné externé udatanformaci o mnoziné funkénich zavislosti platy
na Ulozisti®, nebd ji Ize ziskat nejvyse WV (n?m?).

3.1. Odvozowani - generalizace
Nadefinujme nyni generalizatni odvozovaci mechansgsjako zobrazen(:
G(®):E—E (16)

Toto zobrazenG(®) na zadanou mnozinu elementll (ve smyslu omezujicicimpoek dotazu)X C E
vrati mnozinu elementll C E, které jsou podminkami na zaklad@mplikovany. Pro (loZisté respektujici
popis pomoci mnoziny funk&nich zavislosti plati:

XCcy (17)

Vztah [IT) plati diky tomu, Ze Glozisté pokryvarivialni funkéni zavislosti typud — A VA € &/
(definice viz [$)). Dusledkem je fakt, Ze mechanismus gaizace je v takovém pfipadé monotonni.

PhD Conference '06 137 ICS Prague



Martin Rimnag Asociativni Glozisté dat

Odvozovaci mechanismus je zaloZen na pravidle

(Ai;ai/) e XA (Ai;ai/) — (Aj;aj/) € b~ (Aj;aj/) ey (18)
Odvozovani dalSich (implikovanych) faktti pomocayidla [I8) zX je realizovano pfes vlastnost tranzi-
tivity (B) funkénich zavislosti.

Protoze Ulozisté pokryva pouze instance funkbridavislosti[[I4), je zaru¢ena konzistence Ul&Z{ER).
Generalizatni mechanismus zaruCuje, Ze na konzistestup [IB) bude vracen konzistentni vystup.

Toto tvrzeni vychazi z pfedpokladu, Zze mnoziKaje konzistentni. Nebiodle {T1) X C Y, pak tast
odpovidajiciX je rovnéz konzistentni. Staci tedy ukazat konzistemozinyY — X. Aby doslo k aktivaci
néjakého dalSihg na zakladé pravidld{18) aplikovaném na néjaké ketrkirz € X, diky konzistenci
Ulozisté® odvozené; musi byt rovnéz konzistentni viici véem elementiiim.

4. Komplexni atributy a Glozisté

UvaZujeme funkeni zavislost atributly. na komplexnim atribut§ 4;, ... 4; , }:
{Ah o Aln’} — A, eM (19)

Diskutujme nyni dvé varianty vyjadfeni vztahu mezikglexnimi atributy (funkéni zavislost s komplexnim
atributem na levé strang).

e UloZeni instance funkEni zavislosti s komplexnimitattem.

¢ UlozZeni metainformace o existenci funkni zavislgsgtomplexnim atributem.

4.1. Komplexni atributy v Glozisti

Tato varianta pfedpoklada, Ze Glozisté je schopojonout informaci o komplexnim atributu a jeho instanci.
Prakticky takové GloZisté Ize implementovat jako raimu usporadanych trojic

{<id {(An;a1,) ... (A5 0,,)} (Ars ar) >} (20)

kdeid je identifikator instance{(4;,; ai,)} € Z(E) je hodnota komplexniho atributu (tj. hodnoty repre-
sentujici podminku aktivace instance komplexnihibatu) a(A,; a,.) € E je fakt reprezentujici dusledek
aktivace.

Na takové (iloZité implementované pomoci atomatkatributli (tj. spliiujici pozadavky 1NF) bude pmdta
n’ 4+ 1 instanci dvojic mezi identifikatorerd a elementy A;; a;/ ) Vi € {l; ...l } U {r}.

Funkéni zavislost mezi jednoduchymi atributy je (jakiwialni diisledek) namapovana dalvojice.

4.2. Komplexni atribut jako metainformace

Zplisob uvedeny v pfedchozi sekci vede na pomérné kkované organizované tlozisté. Pokusme se tedy
navrhnout jednodussi zplisob. Modelovani funkéiislosti s komplexnim atributeri{|19) se rozpada na
dva pfipady. Pokud:

e existuje atributA, takovy, zeA, — A;, € M® proVi = 1...n/, pak takova zavislost bude
v asociativnim Glozist® interpretovana jako soubor instanci funkZnich zimgs s atributemAy
na levé strané a atributy;, a A, na strané pravé. Tedy:

Vi=1...n'3A,:Ax — A, € M~ Ay — A, € M® N Ay — A, € M® (21)

Informace o existenci funkeni zavislosti s komplexratributem vM je zachycena jako metainfor-
mace pomoci faktu
{A, .. ALY — A e M2 (22)
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o takovy atributA; neexistuje, asociativni GloZisté neméa Zadnystiedek, jak svazat hodnotu kom-
plexniho atributu{ 4;,} na levé stran& s hodnotou atributiy na pravé strané a tedy tento vztah
nebude Glozistém pokryt.

Existence atributul;, je tedy podminkou nutnou, aby vlibec doslo k zachycetaihuzmezi atributy. V praxi
tuto podminku trivialné zaru€ime, pokud kazdémarrdmu ve vstupni kolekci pfifadime jednoznacny
identifikator A;. Z definice funkeni zavislosti vyplyva, zé; — A proVA € /€, tedy druha varianta
nemiize nastat, nebe takovém pfipadé minimalng, = A;.

4.3. Instance funlk€nich zavislosti s komplexnim atributem

Diskutujme nyni Upravy asociativniho UlozisEEJ(2@ smyslul(2ll) tak, aby bylo moZné rozsifit general-
izaéni mechanizmuB{ILZ318) o podporu komplexnich attilna zakladé metainformaceW? .

Predpokladejme, Ze podminka existence kliCé (21pj@éna. UkaZzme, Ze za tohoto pfedpokladu neni
potfeba ukladat instance funkéni zavislosti s komplim atributem [I9), nelicgeneralizatni krok Ize
provést na zakladé znalosti hodnoty/hodnot spoleoreributuAy, ktera je odvozena "zpétné” z hodnoty

komplexniho atributu.

{A;, ... Ay} — A € MEAY(Aysa,) € X~ (Arsan) €Y (23)

Zavedme aktivaci komplexniho atributillloZisté obsahuje instance
(Ag;ar) — (A5a;,) €D i=1...n (24)
(Ak§ ak) - (A’!'; ar) € (25)

Generalizatni krok spotiva v nalezeni mnoziny mach element{Ay; ay,) relevatnich k' A,; a,) tak, ze
ar € K(X, Ay), pficemz

. ) {All...Al%}—>A7.EMgAAk—)ATEM@
K(X7Ak) B {ak ’ { Vi=1...n: (Ali,;a/li/) EXA(Ak;ak) — (Alqz;ali/) cd }

Nyni se generalizani mechanismus rozpada naiffaply. Pokud:

(26)

e |K(X,Ay)| =0, pak neni funkeni zavislogt4;, ... Ay, } — A, pokrytainstancemi tito v X nebo
v Ulozisti ® a tudiZ nemiize byt aktivovana.

o |K(X,Ay)| =1, neboli{A;, ... Ay } — A € M, pak hodnotu, ze vztahul(23) ur€ime pomoci
instancel(25). V tomto pfipadé atributl. a A, mohou splyvat.

o |[K(X,Ay) > 1, neboli{A;, ... Ay } — Ay ¢ M, tedy pfedchozi mechanismus nelze pouZit.
Za této situace ovderd;, ... Ay} — A, € M$ a A, — A, € M?, pak ale musi nutné
(Ap;ar) — (Ar;ar) € ® Vai, € K(X, Ay) vést na jedinou hodnotw, (nebd v opatném pripadé

Tedy, instance funk&nich zavislosti s komplexnimtattém neni potfeba ukladat za pfedpokladu existence
n&jakého spole¢ného klicového atributy, nebd se podle vySe zminéného postupu daji odvodit z incéta
funk€nich zavislosti mezi jednoduchymi atributy.

Pokud bychom misto generalizace dotazu volili jeho spieaia (ti. chtéli bychom ziskat seznam ob-
jektl spliujici podminky dané dotazem), je uvagmivkomplexnich atributli v odvozovacim mechanizmu
bezpfedmétné, nebraruceng dojde k aktivaci atributly,, ktery je vzdy specializovangjsim neZzli libovolny
z atributli4,,. V okamziku, kdy budeme chtit pomoci generalizace attituréujicich objekty ziskat jejich
popis (tj. konkrétni mnoziny dvoji€A;; a;/)), dojde nejprve k aktivaci atributd, a v nasledném kroku

pak k aktivacim atributld;, i A, tj. v tomto pfipadé neni nutné uvazovat rozsii@8) generalizatniho
mechanismu.

Naopak rozsiten[{23) je nutné uvazovat v pripa@eX obsahuje instance v3ech atributyj, avSak neob-
sahuje aktivaciy, coz v praxi nastava pomérné casto.
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4.4. Ulozisté s metainformacemi

Diskutujme nyni moznost, jak implementovat Ulogi& vlastnostmi odpovidajicimi pfedchozim dvéma
odstavclim.

Nebd M® obsahuje funkéni zavislosti pouze mezi jednoduchyimibaty, neni nutné uchovavat identi-
fikator instance, postacuje pfimo uchovavat jen ejglementi(A4;;a,) — (Aj;a;) € ® napriklad
pomoci mnoziny uspofadanych dvojic

{< (A ai), (Aj;a5) >} (27)

Funkeni zavislosti s komplexnimi atributy jsou ulogev M2, zplisob uloZeni je analogicky K120) s tim
rozdilem, Ze se uchovava informace pouze o funkaéwistosti, nikoliv o jejich instancich.

{<id, {A, ... A}, A >} (28)

4.5. Hipadova studie - porovrani

Porovnejme zavérem obé navrzené implementaceadifopodle poctu zaznamil nutnych k uloZeni infor-
mace, prvni popisujici instance potencionalné kampich atributll a druhy, obsahujici pouze instance
funk€nich zavislosti s jednoduchymi atributy. Prdpeduchost uvazujme, ze jiz na zacatku ukladanhma

k dispozici model popisujici vstupni kolekci dat.

Pro pfipadovou studii byla zvolena data reprezentujicdrni soucet hodnot atributd; ... A,,/, hodnota
souctu je pak uloZena pod atributety. Kazdy zaznam je rozsifen o primarni kg z dtivodli uvedenych

u 23).

A Al A Ap1 Aw As
0 0 0 0 0 0
1 0 0 0 1 1
2 0 0 0 2 2
9 0 0 o 9 9 (29)
10 0 0 1 0 1
19 0 0 1 9 10
0" 9 9 9 9 o
Model implikovany vstupni kolekci dat je
Ay — Ag (30)
A, — A Vi=1...n (32)
{Ay,..., Ay} — Ag (32)

Kazdy zaznam ze vstupnich dafl(29) implikuje

e 1 instanci funkéni zavislosti{30),
e 7/ instanci funkénich zavislos{i{B1) a

e 1 instanci funkéni zavislosti{32) s komplexnim atribort.
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Tedy pocet instanci se béhem jednoho kroku zméni o:

AlIB|=n' 41 (33)
AT =1 (34)

Pokud budeme uvazovat ulozeni pfedmétného zazrmawstupni dat do Glozisté pokryvajici pfimo in-
stance komplexnich atributll pomoELI20), je potfebailadeni jedné instance funkéni zavislosti s kom-
plexnim atributem arity: na levé strané potreba celkém+ 1) zaznamu. V tomto konkrétnim pfipad€l(29)
se interni struktury GloZisté rozsifim zaznami, pficemz

m=AlIP|- 2+ AI°-(n —1+1)=3n"+2 (35)

Budeme-li uvazovat Glozisté pokryvajici pouzestence funkénich zavislosti s jednoduchymi atributy
ziskanych podle[121) uloZzenych jaka128), kazdou vakpinstanci pokryjel zaznam v interni struktufe
Ulozisteé, tedy pFirlisteke’ pro tento pfipad je

m' =A|lIP|-1=n"+1 (36)

Nebd se jako metainformace uklada seznam funkénich #gstiss komplexnimi atributy, zlistava velikost
|M2| nezménéna.

Srovnaniml(3b) d{36) ziskame
m  n+1
—_— = 7
m  3n/+2 33% (37)

5. Zavér

Clanek se zabyva ulozenim vstupnich dat do (téz®moci odhadnuté struktury. Ukazuje, Ze intuiéivn”
nejjednodussi mozny navrh UloZzist&jako asociativni pameétid;; a,) — (A;;a;) primarné popisujici
vztahy mezi jednoduchymi atributy je postacujici, oebbsahuje veSkeré informace nutné pro podporu
vztahll platnych mezi komplexnimi atributy za pfed@aki [Z1), Ze existuje néjaky atribut jednoznatné
definujici kazdy zaznam ve vstupni kolekci dat. Teatd vede k nutnosti uloZzeni pouze instanci funkenich
zavislosti s jednoduchymi atributy, pficemz vztahgzi komplexnimi atributy jsou vyjadfeny externé po-
moci metainformaceé/®.

Ukazuije se, Ze analyzu téchto vztahll je nutné pqiikze pfi generalizaci, generalizatni mechanismus je
nutné rozsifit o pravidld(23).

V tlanku prezentovany vysledek vede ke znatnym gawy@n Usporam, jednodussimu navrhu dlozisté
a v neposledni fadé k odstranéni pfipadnych dit@ioekonzistenci dat v Glozisti. Vzhledem k metodam
odhadu dat se jedna o rozdéleni vypocetni sloZiadgoritmu [4) na dvé ¢asti, prvni polynomialné simu
pro odhad struktury[{7) a uloZeni dat (bez uvazovamhgi@xnich atributll) a druhou, nepolynomialné
slozitou generujici pfisludna metadataA?. Proto tuto €ast je ale mozné prejmout vysledkylZ 32,68,
9,[10/11]

V zavéru ¢lanku je uvedeno porovnani dvou popisgearpristupll k Glozisti dat, prvni je implementoéan

s pfimou podporou instanci funk€nich zavislostioniplexnimi atributy a druha bez této podpory. Obé
implementace jsou navrzeny tak, aby spliovali podmibM&. Diky tomuto faktu je nutné ukladat jednu
instanci funkéni zavislosti s komplexnim atributermpaci nékolika zaznamii. Pfipadova studie v jednom
konkrétnim pfipadé{-arni soucet ¢isel) ukazuje, Ze UloZisté bezrgtikztahll mezi komplexnimi atributy
vykazuje asi66% Usporu pamvych narokll Glozisté. Jingmi slovy pripadogtudie potvrzuje vyhodu
pokryti informace pomoci jednoduchych asocia¢nichviglel a v pfipadé nutnosti uvazovani metainfor-
mace o vztazich mezi komplexnimi atributy.

Zavérem poznamenejme, Ze z korespondujicich diivabyla do formatu RDF zavedena podpora kom-
plexnich atribut(.
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Praktické zavéry tohoto ¢lanku jsou nasnadé, \paie potfeby ulozeni velkého poctu dat, které Ize
predpokladat i u extrakce dat z webovych stranek, jelisk pamévych Gspor velmi dilezité. V tomto
konkrétnim pfipadé ani neznamena nutnost ztrédtyrmace, ba pravé naopak zabranuje pfipadné nekonzi
tenci dat vznikajici duplicitou mezi instancemi funkémzavislosti s komplexnimi atributy a odvozovacim
mechanismem pro tyto instance.
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Abstract

Machine learning techniques are methods that given a st of examples infer a model for the
categories of the data, so that new (unknown) examples dmibssigned to one or more categories by
pattern matching within the model. The data from follow-tipdées with repeated collection of the same
type of data are very suitable for this analysis. Machineriieg algorithms belonging to a variety of
paradigms have been applied to knowledge discovery on mledita. All the used algorithms belong
to the supervised learning paradigm. Several algorithnve ieen tested, trying to cover most of the
kinds of supervised learning. Two kinds of experiments hiagen carried out. The first is intended
to discover associations between attributes. The secamtl ikiintended to test prediction of future
disorders. For the experiments in this paper the data usedfnem the twenty years lasting primary
preventive longitudinal study of the risk factors (RF) ofi@tosclerosis in middle aged men. Study is
named STULONG (LONGitudinal STUdy). The results show tlmahe methods predict some disorders
better than others, so it is interesting to use all the allgors at a time and consider the result confidence
based upon the known tendency of each method. The machimnigalgorithms have been also used
in the prediction of death cause, obtaining poor resultdis tase, maybe due to the small amount of
information (entries) of this type in the dataset.

Keywords: knowledge discovery, supervised machine learning, bdioa¢ data mining, risk factors
of atherosclerosis

1. Introduction

Machine learning techniquesl [1] are methods that giveniaitig set of examples infer a model for the
categories of the data, so that new (unknown) examples dmikakssigned to one or more categories by
pattern matching within the model.

Machine learning techniques have been applied succes$full high variety of problems and data for
prediction tasks. The main objective is to research how plyapachine learning algorithms to this data in
order to discover relationships between attributes andakenpredictions that could be useful for decision
support. Medical data is a special kind of data, because rdéfgyent kinds of features are involved in
the collections. Moreover, the medical data have severakrproblems: missing, incorrect and sparse
information and temporal data. Machine learning methodwary suitable for this kind of dathl[2]. There
exists several KDD works attempting to deal with large-saakdical information. In(3], authors try to
detect type of hepatitis by extracting short sequentiaiepas from the temporal features. I [4], simple
rules are discovered using 4ft-miner (i.e. statisticald¢atof two rows and two columns), in order to
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temporally characterize, by differences, the hepatitigetyyB and C. Authors irl [5] attempt to discover
rules of singles boolean features that can be able to prédidiver fibrosis stage. The same application
appears in[[B] but, in this case, extracted patterns ardecks and then these clusters are assigned to
fibrosis stages depending on the covered examples. Theyapfd@d this technique to atherosclerosis
risk [4]. The data from follow-up studies with the repeat@dlection of the same type of data are very
suitable for this analysis. Additional examples of dataimgron biomedical data are presented(ih [8] and
[Q]. For the experiments in this paper the data used was flamvtenty years lasting primary preventive
longitudinal study of the risk factors (RF) of atheroscksoin middle aged men. The study is named
STULONG (LONGitudinal STUdy)IIII0]. The main target of thisidy is to validate machine learning as a
way of association mining and to validate classificatiorfgrenance as a measurement of the salience for
the discovered association. It is also intended to test madbarning algorithms in the prediction of far
future disorders.

In the next section, the STULONG dataset is briefly preserteskction 3, the machine learning algorithms
tested are described. Section 4 presents the measuresaloaten and Section 5 describes validation
experiments. Finally, concluding remarks and future wargriesented in Section 6.

2. Description of the Study and Data Set

The STULONG (http://euromise.vse.cz/challenge2004knictml) [10] [11] [12] data were collected by
the 2nd Department of Internal Medicine, 1st Faculty of Mét and General University Hospital, Prague
and transferred to the electronic form and analysed byssitzdi methods by the European Centre of Medical
Informatics, Statistics and Epidemiology of Charles Unsity and the Academy of Science of the Czech
Republic, Prague.

The main aims of the study were:

1. To identify the prevalence of risk factors (RF) of athetesosis in a population generally considered
as the most endangered by possible complications of attierosis, i.e. middle aged men.

2. To follow the development of these RF and their impact @etkamined men health, especially with
respect to atherosclerotic cardiovascular diseases.

3. To study the impact of complex intervention of RF on thewelopment and cardiovascular morbidity
and mortality in men.

Men were divided according to presence of risk factors (Ri#rall health conditions and ECG result into
three groups: Normal (NG), Risk (RG) and Pathologic (PGesSehgroup will be referred in this paper as
level groups([1R].

Four data files have been used for the analysis:

1. The file ENTRY contains values of 244 attributes obtainmedhfentry examinations for each man;
these attributes are either codes or results of size measuats of different variables or results of
their transformations (identification of man, family andgmnal history, social factors - education,
physical activities, smoking, eating habits, alcohokgafiiem anthropometric measurements - height,
weight, skin folds, physical examination with measurenwdritlood pressure, pulse, laboratory val-
ues and coding of ECG).

2. The file CONTROL contains results of observation of 66ilaites recorded during control exam-
inations. There are attributes corresponding to identibioato habit changes, to personal history,
physical examination and biochemical values, and datatatmertension, hypercholesterolemia,
hypertrigliceridemia and other coronary and oncologiés¢dses. This file consists of 10,572 records
of long observation.
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3. Additional information about health status of 403 menpgd out in the time of the study was
collected by the postal questionnaire. Resulting valué&Rdatttributes are stored in the LETTER file.

4. There are 5 attributes concerning death of 389 patierdtueg of these attributes are stored in the
DEATH file. It contains attributes for the identification dig patients and the date and cause of death.

3. Description of the Used Methods

All the used algorithms belong to the supervised learninggigm. That is, a learning stage is needed
in order to build a model over the training examples and thems this model to predict the category of
unknown examples. Several algorithms have been testedgtty cover most of the kinds of supervised
learning. Each of the used methods is very briefly explaireed:n

3.1. Naive Bayes

Naive Bayesl|113] calculates, for each pair attribute-valoeexample (education, university), the probabil-
ity of belonging to each category, by dividing the numberxdmples of the target category where the pair
appears by the total number of examples where the pair appElaus, each pair will have a probability for
each tentative category. Naive Bayes is based on the assuntipat every pair attribute-value within an
example is independent on each other. Thus, when an untabedenple is classified, the probability for
each category of the example is the multiplication of thebptility for the corresponding category of each
of the pairs that form the example. The predicted categatlye®ne with the highest probability.

3.2. Multilayer Perceptron

The classification model of the Multilayer Perceptron NéMetwork [14] is composed of a certain number
of layers of neurons interconnected between them. Thetanthie used for this dataset is presented in
Figurell.

Attribute 1

Attribute 2

Attribute n

Input Layer Hidden Layer Output Layer

Figure 1: Architecture of the Multilayer Perceptron Neural Networded.

Each connection has an associated weight. The input to eaglmis the weighted sum, using the asso-
ciation weights, of all the incoming values. The output affeaeuron is the result of applying a function.

In this case, a typical sigmoid function is implemented intla¢ neurons. Figure 2 shows the function
expression and representation.

Thus, each of the attribute values from a sample of the detasatered in the corresponding neuron of the
input layer, and the values spreads through the networkemtiput layer, where the output value of the
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=T g

Figure 2: Expression and representation of sigmoid function.

neuron is the predicted class.

The training phase consists of, given a set of initial wedghatiues, entering each of the labelled examples
of the training dataset into the model and comparing thewdutplue with the expected class. Depending
on the error of the predicted class, the back propagatiarritign changes weights from the output layer to
the input layer, in order to make the predicted value to beensomilar to the expected one. This process is
carried out a certain number of epochs or iterations. In¢hie, this number is equal to 500. The amount
the weights are changed in back propagation, so calleditearate, is 0.3, and the momentum applied to
the weights during updating is 0.2. If the back propagatigoniithm does not reach a good approximation
to the expected output after one iteration, then it resetsitbdel and causes the learning rate to decrease.

3.3. Support Vector Machines (SVM)

Support Vector Machine5[15] try to separate examples,aseheir category, in the n-dimensional space,
being n the number of attributes or features, by hyper plafi¢se form w + b, so that

zw+b>+1 — category = true (1)
zw+b>—-1 — category = false (2)

X being the example represented as a vector of n componeets, W is the support vector, perpendicular
to the hyper plane, and correspond to examples that are Heyoover the limits of their category (see
Figurel3).

Feature;.
L3 =
Margin ~ =
9 N_  ActiveClass ™
E m
\ :-_:I-
Ll
® Y
Inactive Class™* 5
& Hyper-plane
® =]
» Feature,

Figure 3: Support vectors scheme.

The support vector also defines, by its module, a margin obeteeen the hyper plane and the first positive
and negative examples (that the reason for +1, -1 threshdtds each category, the algorithm tries to find
w maximizing the margin. To classify an unlabeled exampéalgorithm simply applies the expression
above. This is a simple implementation of the method and tieeused in the experiments, but there are
other more sophisticated implementations and techniques.
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3.4. K-Nearest Neighbour

KNN is a memory-based algorithra [[16], with the backgrouneaidhat past experiences can help us to
solve present ones by analogy. It considers each exampleexda ofn components, being the number

of attributes or features. It does not need a learning stagepredict the class of an unlabeled example,
the algorithm compares the input example with each of thengkas in the training data or memory, by
calculating the distance between them. Then, the majoliagsoof theK most similar training examples
is the one predicted for the input example. The distance imstite experiments is the Euclidean distance
between vectors. However, there are more possibilitieseriterature.

3.5. ID3 and C4.5 Decision Trees

The model produced by this algorithm is a treel[17], wherénaame corresponds to an attribute and each
arc of the node corresponds to a possible value of the nodleuatt

The learning algorithm constructs the tree from the tranitata. The selection of the attribute that will

form a node, at each moment, is carried out by calculatingthepy of the data after the selection of the
node. That is, for each attribute, the entropy of the remngimiata without the attribute, separated by the
different values of the node attribute, is calculated. Tliusattribute that produces the minimum entropy is
the selected for the node. The process goes on until thecerisome attributes or the number of remaining
examples under a node is lower than a certain threshold. erfidtmer case, the majority class of these
remaining examples is the one settled under the node. Inélguwe can see an example:

flies?
e B
body covering habitat
hair feathers scales other }anu water

\@ body covering  breathes air?
hair ma{{gg/c}w, }ei\ no
IE/ @/ [Z( [J{i_.l /yocj/(:c,{er'nm

hair feathars  secales other

o o O [

Figure 4: Example of decision tree.

In the example there are 4 attributes: flies, body coveriapjtat and breathes air, and four possible cat-
egories, m, b, fand r . Here, the first attribute is flies beeduss the one that produces the division on
the data with minimum entropy at that level, and so on. Tosifgsn unlabeled example you only have to
follow the tree top-down, and the final leaf is the predictatbgory. The pathways from the root node to the
leaf node can be viewed as rules, where the condition is fdtmgeAND operation of the terms (node=arc).

C4.5 is an extension of ID3 that allows continuous numemtgibutes, accounts for missing values and
carries out a pruning process in order to reduce the tredaiziealing with larger amount of data. The J48
tree used in the experiments is an implementation of C4.5.
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3.6. Ridor Rules Learner

Ridor stands for the RIpple-DOwn Rule learnerl[18]. It gextes the default rule first and then the ex-
ceptions for the default rule with the least (weighted) eraie when it is used to classify the training
data. Then it generates the "best” exceptions for each ¢xecepnd iterates until pure. Thus it performs a
tree-like expansion of exceptions and the leaf has only &faudt rule but no exceptions. The exceptions
are a set of rules that predict the classes other than clabe idefault rule. IREP is used to find out the
exceptions. IREP algorithm constructs rules by gradualljisg one term in the condition at a time so that
the error rate is minimized. The rule condition terms are [{lttribute{=, #, <, >} value).

4. Evaluation

The evaluation processes and measures are the same far altfibriments. Given the data, a part of the

collection is considered as a training set and the remaiamg test set. So the models learn from the

training set and try to predict the values of examples in @s¢ $et. Since the category of test set examples
is known, we can check the predictions. Three differentdgpineasures are calculated for each category:
precision, recall and F-measufe19]. Precision is thegr@age of predictions of one category that were

correct. EquatioRl3 presents the precision expression.

number of correct predictions as category;

Precision = 3)

total number of predictions as category;

Recall is the percentage of all the examples of the test dehfpeg to a category that were correctly
predicted. The expression is presented in Equéiion 4.

number of predictions as category;

Recall (category;) = (4)

total number of examples of category;

F-measure is a combination of the former measures. It atspsameway, the intersection between the
examples involved in precision and recall, normalized lgystim of both. Equatidd 5 shows the F-measure
expression.

2 - Precision - Recall

F = . 5
fmeasure Precision + Recall )

Thus, these three measures are calculated for each catefjtng test set. As said before, given the
collection it is needed to divide the data in training and g&ts. A common way of evaluation is cross-
validation. The collection is divided into equally sized parts. Then, eaeh— 1 part combination is
considered as training and the remaining part as test, salgfogithm is runn — 1 times, and the final
results are the average of this— 1 executions. For all the experiments described betolwas a value
of 3, so training is always 66 % of the data and test stands3d3running each algorithm three times.
Usually, the value of. is greater than 3, typically of 10, but in this case we have ¥ew examples of
some categories, and a greater value @buld produce test sets with no representation of the meadio
categories, what is not desirable.

5. Experiments

Two kinds of experiments have been carried out. The firsttisnided to discover associations between
attributes by considering the classification performaream indicator of the association strength. The
second kind is intended to test the prediction of future iiecs.

It is needed to remark that the observations in the data gbt wissing values were not removed nor
imputed, because the implementations of the learning ihgos are able to deal with missing data. These
implementations are the ones included in the WEKA enviramnfigd], used with default parameters to

perform the experiments above.
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5.1. Finding Answers

The first experiments are related to the analytical questjmmoposed for the Discovery Challenge of
ECML/PKDD 2004 conference, specifically the ones relatethéoEntry collection. These tasks consist
of finding relations in three different groups of patient&rmal group, risk group and pathologic group.
These groups correspond to the risk level of atherosclerosee above, and will be referenced as level
groups. Specifically, the target relationships are betvsaeial factor features and physical activities fea-
tures, alcohol features, smoking features, body mass jridead pressure and HDL cholesterol, and then
between physical activities and the remaining and betwlamal and the remaining. So, machine learning
algorithms are applied to the data of each different groymg to predict the value of each of the features
of one group given the features of the other, viewing the iptessalues as the considered categories. Thus,
for example, given the four social factor attributes asnireg factors the algorithms are run in order to
predict the value of each of the four physical activitiesilbifites and so on with the other features groups.
For each relationship, the maximum values over all the gifiealgorithms results are calculated in order
to compare between level groups. So, if the prediction aamuis good, we could say that there is a strong
relationship, in a degree equal to the accuracy, betweefe#tteres used for training and the feature whose
values are predicted, and also we can compare predictiosuresabetween features and level groups to
state which relations are stronger than others.

Due to paper length limitations, only some of the most regméstive results are presented. In Figire 5,
the maximum precision, recall and F-measure predictioaigtefor "Smoking”, given social attributes, are

showed for each of the level groups, a) Normal, b) Patholagitc) Risk, respectively, and given physical
activity attributes for each of the level groups, d) NornglPathologic and f) Risk, respectively. As can be
seen, in the Normal group, either from social factors or jtglsactivity, the best prediction is reached for

non-smoking people, being not significant for the remainigges of the "Smoking” attribute. It seems that
the relationship between social factors and smoking isiligtronger than physical activity and smoking,

because it produces better results for all the values of #imedking” attribute. In both Pathologic and Risk

groups, the relationship between the training factors &ednton-smoking value is stronger for physical
activity factors, being in particular high in the Pathologiroup. In the latter groups, people who smoke
15 or more cigarettes a day are better predicted than in tmealgroup but non-smokers are much worse
detected than in the Normal group.

Let us see another representative example. Figure 6 pseentesults of the prediction of cholesterol
level from social factors, a), b), and c), and from physicaidty factors, d), e) and f), for each of the level
groups, respectively. In this case, the prediction resuksvery similar for the relationship between social
factors and cholesterol, and physical activity and chelestin all level groups, so we can conclude that
the strength of the relationships is similar, too. Howeitetaries among level groups. In the Normal group,
the mean absolute prediction error is about 24, being abdwatnsl 40 in Pathologic and Normal groups,
respectively, concluding that it is easier to predict cktdeol, from both social factors and physical activity
as training, for people in the Normal group. This fact desa@estrong relationship between the training
factors and the cholesterol level in the latter group.

Finally, Figure[¥ shows the results for the prediction ofohlal attribute values, separately from social
factors and physical activity factors as training, for ebatel group, analogous to above.

The results in FigurEl7 show that there is a clear relatignshall levels of groups between the training
factors and the people who drink alcohol occasionally. Reagnho drink regularly are more difficult to
detect and predict from the training factors, resulting iligat relationship that is a little bit stronger in
the Pathologic group. The same can be said about people wigo ciénk alcohol in relation to physical
activity factors. However, the prediction precision isrgfgcantly increased for social factors in Normal and
Risk groups. People who never drink are accurately idedtffiem their social factors in the latter groups,
what denotes a significant relationship between the inebht&ibutes.

The training features groups are taken with all the attébugt once. From the medical point of view it is
also interesting to separate these attributes and to trsessilof them. So, it was tried to predict the value
of the physical activity in the job attribute given all pddsi combinations of social factors attributes, for
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Figure 5: Maximum precision, recall and F-measure values over albtherithms for the prediction of "Smoking”
attribute, given only the social factors on a) Normal grdw)gRathologic group and c¢) Risk group, and given
only the physical activity factors on d) Normal group, e)idbgic group and f) Risk group.

example. The results show that, for Normal and Risk groups;Education” feature alone obtains much
better prediction results than any other combination ofeddactors attributes. In the Pathologic group
it is similar, but the difference is not so high as in the othasups, being "Age + Education” the best
combination.

5.2. Predicting Future Disorders

The main objective of the next experiments is to test theiptieth accuracy of the algorithms. The Entry
collection is not the only one used but also the Control ctiha is considered. First of all, the patients who
have a control record in the Control collection, after teangefrom their entry in the study, were selected.
Then using their Entry attributes it was tried to predict die they will have some disorders in ten years.
These disorders correspond to systolic-diastolic hypeita, systolic hypertension, diastolic hypertension,
hypercholesterolemia and hypertriglyceridemie. The jpbssalues for these disorder attributes are true or
false. The same has been done for twenty years records. Thksrehow that the multilayer perceptron
was the best algorithm, reaching values near 85 % of preceia 65 % of recall in the detection of all
the disorders. The risk of future hypertension in the Ristugris O for many men, while some patients
in this group were hypertensive since the beginning of thielyst From the medical point of view it is
more interesting to carry out the experiments only on thenNdrgroup. The same process has been done
separately for this group, for ten and twenty years. Thelte$ar the different mentioned disorders are
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Figure 6: Average and maximum mean absolute error, root mean square redative absolute error and root relative
square error values over all the algorithms for the predictf cholesterol level attribute, given only social
factors on a) Normal group, b) Pathologic group and c) Riskugr and given only the physical activity
factors on d) Normal group, e) Pathologic group and f) Riskugt

presented in FigurEl 8, a) to e), for ten and twenty years ptiedi respectively. For each disorder, the
maximum values over all the different algorithms results presented. In this case, results show that
there is not one best algorithm. Depending on the disorderedict and also on certain categories, one
algorithm fits better than others (the maximum values priegsecorrespond to different algorithms), so it
will be interesting to use all the algorithms and make decisibased on the results from all of them. As a
comment, we pointed that the prediction accuracy is muchérighan when entries of the three levels of
groups are considered all together, confirming the earbrést in the Normal group.

The values of FigurEl8 show that it is more accurate to predismrders in twenty years than to predict

them in ten years, specifically the prediction of the presasfadhe disorders, which is accurately inferred
in twenty years but very poorly predicted in ten years in la# tlisorders but diastolic hypertension. The
non-presence of the disorders is equally well-predictedbfath ten and twenty years. Among all the

disorders the best detected is diastolic hypertensioajmibg prediction values near to 100 % accuracy for
the presence and non-presence of the disorder. The worditf@e disorder is systolic hypertension, with

the presence of the disorder non-detectable at all in tersyea

It was also tried to predict some other diseases, like angéewioris, myocardial infarction, cerebron-
vascular accident and so on, but there is a small number @redisons with these features, so the results
are not relevant.
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Figure 7: Maximum precision, recall and F-measure values over alatgerithms for the prediction of the "Alcohol”
attribute, given only the social factors on a) Normal grdw)Rathologic group and c¢) Risk group, and given
only the physical activity factors on d) Normal group, e)idbgic group and f) Risk group.

5.3. Predicting Death Cause

This experiment is analogous to the last one, but now whaigd is the prediction of the cause of death
rather than diseases or disorders. Thus, the Death colfeitiused. The algorithms were trained with
the data in the Entry collection for the patients of the Deatltection. The experiments were carried out
for the three levels of groups separately and for all theiesitof all the groups together. The results are
presented in FigurEl 9. In the Normal group, Figllie 9 b), thet peedicted causes were tumour disease
and other causes. In the Risk group, Figire 9 d), the besiqgi@u was for other causes but also for
myocardial infarction and coronary heart disease, thatwet predicted at all in the Normal group. In the
Pathologic group, Figuiid 9 c), the best predicted causes tuetour disease and myocardial infarction, but
stroke and general atherosclerosis could be poorly predii¢bo, obtaining much lower results for these
latter causes in the other groups. In general, Fifilire 9 a)ebults of prediction of death cause are very
poor, concluding that data from the Entry collection haseraiugh information to predict death and/or also
maybe more observations are needed. But, what is sufficeitef

6. Conclusions
Machine learning algorithms belonging to a variety of pégats have been applied to knowledge discovery

on medical data in two different ways: firstly, the methodgehbeen used in order to predict the value of
one attribute of the patient database, given a subset of attributes as training features, proposing the
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Figure 8: Maximum precison, recall and F-measure values for the 1(@angkars predictions of a) systolic-diastolic
hypertension, b) systolic hypertension, c) diastolic mgresion, d) hypercholesterolemia and e) hyper-
triglyceridemie.

maximum accuracy among all the algorithms as a measure sfrttregth of the relationship between those
training features and the target attribute. This measuseb®en proven useful also for comparing the
relationships between attributes in different groups diguds.

Secondly, the learning techniques have been applied toréuigtion of future disorders. The results show
that some methods predict some disorders better than offfees, it is interesting to use all the algorithms
at a time and consider the result confidence based upon thenktemdency of each method. All the
tested methods perform better for twenty years predictiam for ten years predictions, reaching excellent
results for some of the disorders that make the methoddsaifiar decision support. The machine learning
algorithms have been also used in the prediction of deatbecaibtaining poor results in this case, maybe
due to the small amount of information (entries) of this typée dataset.

It would be interesting for the future to finely tune the paeters of the algorithms and to test more tech-
niques. Itis also intended to integrate all methods withdigree of significance and usefulness discovered
in this work in order to build an expert system, and the deidveof rules understandable by humans from
the results of the system will be also researched.
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Abstract

This paper reviews different combinations between the madely used type of neural networks —
a multi-layer perceptron — and evolutionary algorithms. tiels to train the neural network are tested
using a real-world classification problems from Probenlchemark suite. It is shown, that combining
evolutionary algorithms with neural networks can lead tttdreresults than relying on neural networks
alone. Searching for a suitable architecture can help torfewdtal networks with improved performance.

1. Introduction

Artificial neural networks (ANNs) are a computational pagad modeled on the human brain that have
been applied to a variety of classification and learningséska few reasons. Despite their simple structure,
they provide very general computational capabilities drey ttan adapt themselves to different tasks, i. e.
they are able to learn.

Evolutionary algorithms can be viewed as an alternativelassical optimization techniques, based on
a biological metaphor: over many generations, natural fadjons evolve according to the principles of

natural selection and "survival of the fittest”, first clgestated by Charles Darwin in The Origin of Species
[@). The basic principles of Evolutionary algorithms wensffilaid down rigorously by Holland]2].

In this paper, we present a comparison of different appresistn ANN learning problem. We will focus on
combination of gradient and evolutionary techniques, aedwll try to find optimal weights and topology
of neural networks. Several experiments will be carried @utdata taken from Probenl [3] benchmark
collection.

The organization of this paper is as follows. First we brief@scribe perceptron networks and the core

of genetic we have used. Then, the two main approaches —teuwdwy learning of the weights, and
evolution of network architecture — are presented. Finalig experiments are reported and discussed.

2. Multilayer perceptron network

An ANN is an interconnected network of simple computing sicitlledneuron§4). Each neuron has real
inputs, and each input; has assigned a real weight.

The outputy(z) of a neuron is defined in equatibh 1:
y(z) =g <Z wi:m) ; 1)
=1
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wherez is the neuron witm input dendritesy ... z,,), one output axog(zx), (wq ... w,) are weights and
g : R — R is the activation function that determines how powerful dlgput (if any) should be from the
neuron, based on the weight sum of the input.

One of the most common activation function is a logistic sigarfunctior2

o(€) =1/(1+e %), ()

wheret determines its steepness. Very important property of thmaid function is smoothness and the
fact, that it has an easily calculated derivative.

In amultilayer feedforwardANN, the neurons are ordered in layers, starting withirgrut layerand ending
with anoutput layer Between these two layers there can be a numbéidafen layers Connections in
this kind of networks only go forward from one layer to the heieurons in input layer are callédput

neurons similarly neurons in output layer are calledtput neuronsLet us denotei;, no, ng humber of
input, output and all hidden neurons, respectively.

Multilayer feedforward ANNs work in two different phasest atraining phaselearning phase) the ANN

is trained to return a specific output given a specific inpatthieexecution phasthe input is presented to
the input layer, propagated through all the layers (usingagign[1) until it reaches the output layer, where
the output is returned. Tharchitectureof ANN defines the number of layers, number of neurons in each
layer and connections between neurons.

We will focus on a learning situation known assapervised learningin which a set of input/desired-
output patterns is available. The training process can be ae an optimization problem, where we wish
to minimize themean square errofFEys:) of the entire set of training datd,: is defined as the squared
error of the ANN for a set of patterns:

Eyse = Z By, (’LU) (3)
k=1
Byw) = 5 3 (05w, 24) — di )P @
JeY

whereY is a set of output neurong,is the number of patterns in the sgj,is an output of neurop given
weight vectorw andk-th input patternr,, andd, is desired output of output neurgrfor input patterrk.

The classification problenis that of assigning an input vector to one/df classes. Each pattern from the
training pattern set contains an input vector and its ddsitgput vector. The output of the network must
be interpreted as a class. Such interpretation can be peefbm different ways. One of them consists in
assigning an output neuron to each class — when an inputnisqicesented to the network, the network
response is the class associated with the output neurorihveitlargest output value. This method is known
as thewinner-takes-albpproach.

For classification problemd;. s reports — in a high-level manner — the quality of the trainedMand
is defined as a percentage of incorrectly classified patterns

3. Evolutionary algorithm

Evolutionary algorithmhas been investigated by John Holland [2], with a markeciase of interest within
the last few years. Evolutionary search refers to a classochastic optimization techniques — loosely
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based on processes believed to operate in biological éenldt in which a population of candidate solu-
tions (chromosomes) evolves under selection and randonetge diversification operators. The problem
is to find minimum or maximum ofitness functionEvery member of population is calléadividual and
represents a potential solution to a problem.

The algorithnTL reveals skeleton of genetic algorithm useddir experiments. To fully describe genetic
algorithm, it is needed to define how each solution will beespnted, how initial population will be created
and what genetic operators will be used in the Reproductem s

Input: number of individuals in populatiofy, number of elitsZ, maximum number of populations, ...
Output: the best found solution of a problem.

1. Start: Create initial population @ individualsP(0) = {I3, ..., Iy}, i = 0.

2. Evaluation of individuals: To compute fitness functiondeery individuall, build ANN correspond-
ing to I and computes,.: for a training set. LefF (1) = Eyge.

3. Stop-condition: If = G,,,4., finish and return solution represented by individual witinimal value
of fitness function.

(a) Creation of new populatioR(: + 1) from populationP(¢): Create empty populatioR(i + 1).

(b) Selection: ChoosE best individuals from populatioR (i) and move them to populatid®(: +
1). With chosen operator of selection chod$e- F individuals and insert them to population
P'(3).

(c) Reproduction: Apply chosen operators on populaftét), the result is populatio® (i + 1).

i. Application of binary operators: If populatioR’(i) contains odd number of individuals,
insert chromosome of the first individual from populati®(i) into populationP” (i).
From population”’ (i) choose pairs of chromosomésand D and apply on them repro-
duction operators, new chromosont&'sand D’ insert to populatiorP” (7).

ii. Application of unary operators: On every chromosomenirpopulationP” (i) apply cho-
sen unary operator, new chromosome insert to populdti@nt 1).

4. New generationi = i 4 1, Continue by step 2.

Table 1: Skeleton of the genetic algorithm.

We have used theulette wheel selection all experiments. The selection operator performs thévadgnt
role to natural selection — it chooses individuals for nesgppplation proportionally to their fithess values.
As we wanted to minimize the error function in all our expegimts, the probability; of selectioni-th
individual is defined by the equati@h 5

o (I1+e)xC —F(I)
TN 0T F@) ®

whereN is the number of individuals and is the maximal fithess value in the population, and a small
positive constant, which ensures that probability of s@@dahe worst individual will be non-zero.

4. Evolution of weights
Weight training in ANN is usually formulated as a minimizatiof error function, and is carried out by

some gradient descent algorithm such as Back-Propagatiomme of its many varian{g[5]. Due to its
use of gradient descent, these algorithms often get trappéte local minimum of the error function,
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Figure 1: Example of ANN with seven hidden units in two hidden layensee input and two output neurons.
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Figure 2: Example of encoded ANN from the previous figure.

and are incapable of finding global minimum. As the evoluigralgorithm need not to use the gradient
information and works with population of potential solutf) it has a better ability to avoid local minimum
trap. What more, evolutionary algorithm can be applied tnations, when gradient information is not
available at all, it can handle global search problem in &,vasmplex and non-differentiable surface.
The evolutionary approach also makes it easier to genenstdsAwith some special characteristics. For
example, ANNs complexity can be decreased and its genatializability increased by including a special
term in the fitness function penalizing large networks.

4.1. Representation

The standard genetic algorithm uses binary strings to ematidrnative solutions. In a such representation
scheme, each connection weight is represented by a numbigs of certain length. The advantages of this
representation are mainly simplicity and generality. jpéssible to use well known crossover (such as one-
point crossover) or mutation operators for binary stringishough there are several encoding methods, that
encode real numbers with different range and precisiodetatf between precision and range often has to
be made. Real-world experiments demand big precision, eduaes too long chromosome for which the
evolution process becomes non-efficient. Therefore, diffeencoding method is used. The chromosome
is interpreted as a matrix of dimensiong x n, wheren = no + ng. In thei-th row and thej-th column
there is either a special symb®| if neuronsi andj are not connected, or the weight of connection from
to j. The following connection matrix from figuké 2 encodes theMiMom the figurddL. The chromosome
is then created by concatenating all the rows from the matrixcase of feedforward ANNSs, the entry on
i-th row andj-th column can be non-zero only for< j. This reduces the length of the chromosome and
the evolutionary process becomes more effective.

4.2. Initial population and operators

Initial population consists of fully connected neural netlss with randomly initialized values. To each
connection a weight fro-1.0, 1.0] interval is assigned.

For training the weights of ANN, we experimented with oper&iased-Weights-Mutati§6], which adds
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Figure 3: Schema of evolutionary algorithm searching optimal asgttitre of ANN.

to the weights of randomly selected connections in the paretwork with values chosen randomly from
the same probability distribution used for initializatioeights-Crossoveperforms uniform crossover
with the basic units exchanged being the set of all incomiamtits of a particular node.

5. Evolution of architecture

In the previous section, we have assumed that the evolved AdE\a fixed architecture. Selection of a
good architecture is state of art — although it has signifigapact on network’s information processing
capabilities, there are not known satisfiable rules, on foehbose a good one for a particular task. ANN
with only a few connections may not be able to satisfiablenléas task because of its limited capacity, while
ANN with large number of connections and neurons may ovemiit fail to have a good generalization
ability.

Similarly to previous section, the problem of determinirgimal architecture for a particular task can be
formulated as an optimization problem. As statedin [7],letfonary algorithms are a good method for
searching in such a complex surfaces. In the casg@mofiltaneous evolution of weights and architecture
both weights and characteristics of architecture are et atthe chromosome. As shown on figlre 3, this
method contains the previously solved problem of detemgjmiptimal set of weights as a subtask. On the
other side, the problem a&feparated evolution of weights and architectusethe noisy fitness evaluation,
caused by random initialization of weights. Only architeetis encoded in chromosome, weights have to
be learned later. The fact that an individual gained betteesis value does not mean that this individual
is really better — in is necessary to repeat the evaluatichaaerage the obtained values. This way, the
computation time increases dramatically.

5.1. Representation

We used thendirect encoding schenia our experiments]7]. Chromosome consists of severalaext
which hold information about some important characterisfi ANN'’s architecture. In the first section is
stored the number of hidden layers, follows section witlvinfation about the number of neurons in each
hidden layer and in the case of simultaneous evolution oflatsiand architecture, the section with connec-
tion matrix is appended. The operators used in evolutioakygrithm must be aware of this representation
— operators from previous section are allowed to modify ahly last section of the chromosome. To
modify the remaining parts, new operators are introduced.

5.2. Operators

There are two operators that work on the level of units. Reenove-Neurooperator removes randomly
selected neurons. Creation of new neurons is done bfptimicate-Neuroroperator, which selects ran-
dom neuron and duplicates it. Similarly, there are two ofmesaworking on connections, tHeemove-
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Number of hidden layers.
Number of neurons in the first hidden laye

=

Number of neurons in the last hidden layer.
Connection matrix.

—

Table 2: Chromosome for evolving architectures of ANN.

Connectioroperator removes random number of connections from eactonguhile theAdd-Connection
operator randomly adds connection between two neurons.

6. Experiments

A set of experiments has been carried out on several datéregtshe Proben1]3,18.19] benchmark. This
way we are able not only to provide relative comparison, ksd t explore the efficiency of the algorithms
with respect to the best results obtained by other methodisiathors. In the following we briefly describe
several experiments and try to generalize the results.

We have chosen four classification problems: The goal of Allbiclassify tumor as either benign or
malignant in the Cancer problem, diagnose diabetes of Ridtiaris in Diabetes problem, predict the heart
disease in Heart problem and recognize one of 19 differesatedies of soybean in Soybean problem. Char-
acteristics of each data set are shown in thble 3.

Classes Examples b tn Tot. b c| m| Tot
Cancer 0 9 0 9]0 9 0 9] 2699
Diabetes 0 8 0 8|0 8 0O 8| 2| 768
Heart 1 6 6 13|18 6 11 35| 2 | 920
Soybean| 16 6 13 35|46 9 27 82| 19) 683

Table 3: Problems and the number of binary, continuous, and nomindibates in the original dataset, number of
binary and continuous network inputs, number of networlutepused to represent missing values, number
of classes, number of examples.

The results of experiments are reported in terms of the gadfiehe two errorsEye and £ . measured
both on the training set and previously unseen test set.elfolfowing tables we use symbald; (or M)
for Euse OVer training (or testing) set, ar@, (andC,) for £ s over training (testing, respectively) set.

6.1. Searching for suitable connections

This experiment tested the separated evolution of ardinite@nd weights. Thus, the algorithm consists
of two steps - in the first one the direct architecture enopdiescribed in Talj]2 is used and evolved. To
determine a fitness of such an individual, several (30 in aserrandomly initiated runs of rprop algorithm
are carried. In the second step, the evolved architectdraiieed by full-fledged run of a back propagation
algorithm (10 times for different random weights initiaimons). Results can be compared to Tab. 4, which
gathers results of the classical back propagation, theprgradient learning algorithm and GA using the
Biased-Weights-Mutation and Weights-Crossover (cf. BRbTypically we ran the gradient algorithm for
5000-25000 epochs, while the GA ran for 1000-2000 generafjwith population of 300 individuals).

Results of this experiment were quite satisfiable (cf. Tdb.GA was able to find better architectures,
containing less connections, and achieving better trgiamor. As a side effect, these specialized architec-
tures usually achieved worse generalization error, in canspn to fully connected architectures, which is
understandable (compare Thb. 4 and Thb. 5).
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Diabetes Cancer
BP RP GA BP RP GA
M; | 0.2675| 0.2473| 0.2882| 0.0463| 0.0390| 0.0484
C; | 0.2645| 0.2616| 0.2083| 0.0280| 0.0438| 0.0286
M
Cs

0.3217| 0.3154| 0.3268| 0.0242| 0.0180| 0.0159
0.2645| 0.2615| 0.2266| 0.0280| 0.0438| 0.0057
Soybean Heart
BP RP GA BP RP GA
M; | 0.0150| 0.2112| 0.7416| 0.1840| 0.0904| 0.2372
C; | 0.2536| 0.3080| 0.5585| 0.2033| 0.2079| 0.1536
M, | 0.1196| 0.2907| 0.7474| 0.2574| 0.2559| 0.2904
Cs | 0.2536| 0.3078| 0.5513| 0.2033| 0.2077| 0.1913

Table 4: Error comparison for back propagation (BP), rprop (RP) aerdetic algorithm (GA) used for weights
learning.

Diabetes| Cancer| Soybean| Heart

M, | 0.4541 | 0.0436| 0.0069 | 0.0566
Cy 0.3516 | 0.0157| 0.1615 | 0.1764
M, | 0.4568 | 0.0238| 0.1369 | 0.2501
Cs 0.3516 | 0.0157| 0.1615 | 0.1764

Table 5: Search for connections: Error results for architecturesmemended by GA.

6.2. Searching for a suitable architecture

The goal of the second experiment was to combine the searaldiitecture with the evolution of weights
in one GA. We have started with individuals with random numifehidden layers (between 1-4), which
remained constant during the algorithm. However, the nurabeeurons and connections were varying, as
well as the values of weights. The following genetic oparatee used:

operator Dm
Duplicate-Neuron 0.05
Remove-Neuron 0.05

Add-Connection 0.05
Remove-Connection | 0.05
Biased-Weights-Mutation 0.1

Table 6: Operators probability.

The overall results were very satisfiable (cf. TBb. 7, corapsith Tab[#). The GA was able to evolve
suitable architectures for a given task. It is interestthgt most of the solutions had just one hidden layer,
some of them had two. In some papers authors use penalifatiomore complex solutions, which was
not necessary here, because the evolution tends to excloseaomplex networks based on their fitness
anyways. The architectures recommended by the GA providenl leetter results than the ones reported as
best (found by human) in]3].

7. Conclusions

As shown, evolution can be introduced into ANN learning peo at different levels. Suggested algo-
rithms were tested on real-world problems from Proben1 bevark suite. The evolutionary algorithm is a
complex and robust method, which can be used to search btthapveights and architecture of ANN.

Although the evolutionary process can be easily paraelizomputation is always very time consuming.
The results obtained by simultaneous evolution of weights @rchitecture were surprisingly good. Not
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Diabetes| Cancer| Soybean| Heart

M, | 0.2679 | 0.0382| 0.0176 | 0.1025
Cy 0.1927 | 0.0190| 0.0088 | 0.0551
M, | 0.3108 | 0.0184| 0.0989 | 0.2342
Cs 0.2266 | 0.0057| 0.0616 | 0.1435

Table 7: Search for an architecture and weights: Error results foeteally evolved network architectures.

only the resulting ANNs gained excellent results on theniraj set, they showed a good generalization
ability. The complexity of found architecture for a partiautask mirrored it's real difficulty.

The combination of evolutionary techniques and ANNs cad teabetter intelligent systems, than relying
on ANNs alone. With the increasing power of parallel compsjtéhe evolution of large ANNs becomes
feasible.
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Abstract

The paper presents a new approach for treating securitggsswarious environments with special
accent on Mobile databases, Semantic web and Grids. Tamgibements’ specifications imply that
a security model should have at least low space complextyeslevel of autonomy and should be
implementable in a distributed manner. To achieve all thegairements we propose a security model
based on virtual organization that has ability to preseneg:rmanage the trust between users. The model
is build up on mathematical background based on hypergrttsare the way how to reduce space
complexity of the model and how to improve and simplify thglementation. To verify proposed model
an experimental implementation SecGRID was programed ame sesults are presented.

1. Introduction

Rapid evolution in many computing areas brings up many lissfaects, but also many problems and issues
to be addressed. In this paper we will concentrate on treéghiited environments namely:

o Mobile databases
e Semantic web

e Grid computing

Although all three have some different features, they abeela lot of in common. Before we proceed to
these common features, let us briefly overview all threerervnents.
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Mobile databasefl], [2], [B], offer the ability to access and exchange imf@tion anywhere, at any time.
The possible network architectures can be summarized as:

e cellular networks
e multihop wireless networks - broadly known as ad hoc network

e sensor networks

In the first case o€ellular networks some specialized nodes, called base stations, coordindteontrol
all transmissions within their coverage aremcell. The base station grants access to the wireless channels
in response to service requests received from the mobilesodrrently in its cell.

The primary characteristic of aad hoc networlarchitecturel[4],[15],[[5],[[¥] is the absence of any station
structure. Ad hoc nodes can communicate directly with théesan their transmission range in a peer-
to-peer fashion. Communication to distant nodes is acHi@wemulti-hop fashion. Therefore each ad
hoc node acts also as a router, storing and forwarding psckebehalf of other nodes. The result is a
generalized wireless network that can be rapidly deployetl dynamically reconfigured to provide on-
demand networking solutions.

Besides the fact that mobile databases have a lot of advem)tifeey also have some challenges to cope with.
Taking issues like power supply limits, limited bandwidtidaunreliability of wireless lines, the security is
one of the most important. Were an efficient and strong sicsoilution not to be available, it would be
very hard to achieve all advantages of ad hoc networks.

Sensor networkan be characterized as networks build up from tiny sensiitg having some communica-
tion and computation capabilities. The whole sensor ndtlifatime comprises three main phases. During
the first,deployment phassensors are deployed in the sensor field. In the second ,piastedeployment
phase sensors have to build up a topology and then they have to widhepotential changes in it. This
phase is in particular important as the topology changetiramaly for available energy, malfunctioning,
etc. During the last phaseedeployment phassome additional sensors may be deployed to replace mal-
functioning nodes. Nodes in sensor network sense theinitydior desirable phenomena and in a positive
case sensors cooperate in multi-hop communication fagoiateliver data to a unit responsible for its
further processing. As sensor networks are a bit specificoweot addressed them in the paper anymore.

The Semantic Wels often believed to be the successor of the current web. dis idea is to describe re-
sources in the form of machine processable meta-data alfpstitomation of the requested tasks connected
with the retrieval and usage of these resources. Althouginthin focus of previous work was aimed at the
creation of knowledge representation languages (RDF-SVIDFOIL [8], OWL [9]), reasoning systems,
and also at the tools helping to embed web pages with senraatiaup, the emerging commercial applica-
tions such as e-commerce, banking or travel services famsé$ecurity issues. Without a secure solution,
it would be very hard to exploit all promising features of sartic web vision. The first possible approach
is to extend the current security mechanisms used in digetbsystems (Kerberds 10], PGPI[11], SPKI
[12] etc.). These technologies, however, cannot be sealynlgansferred due to the fully decentralized
nature of the web, extremely large number of resourcesicvagents and users, and their heterogeneity.
Moreover, the number of entities accessing resources aaciting with themselves can be very large and
can rapidly change.

The Grid computingparadigm can be characterized by a large number of inteexiad users and sites
cooperating on a common task. Users in a Grid are usuallynizgd inVirtual OrganizationgVOs). A
Virtual Organization is a temporary or permanent coalitddigeographically dispersed individuals, groups,
organizational units or entire organizations that poobteses, services and information to achieve common
objectives. The Dynamic Virtual Organizations Membersdmipl structure of such a VO may evolve over
time to accommodate changes in requirements or to adapitopgortunities in the business environment.
Considering this, it is straightforward that grid compugtistrategies can be used in the web environment
for security improvements.
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Even thought the mentioned areas do have some specificéjjoinal for them, such as huge amount of
pages in the case of semantic web, mobility of users in magileputing paradigm, or heterogeneity of
connected sources in grids, they also have some commorfispgans. Further, while all of them offer
ability to share resource, support communication and cadjpm between users (but not only the human
users), the security is the crucial issue being common famehtioned areas. Therefore it is natural to
expect solutions that try to solve the problem with the siégtor all of them.

The rest of the paper is organized as follows: sedflon 2 rieftoduces the related security models. Our
security model is then described more in details in the nestien. Sectiofill4 contains some experimental
results. The paper is then concluded.

2. Security Models and Approaches

The security is one of the key concerns in many areas. Theigevel is usually one of the key factors
influencing the usability of any proposal not only in compsigience. Therefore, it is natural that security
has been given attention by researches and many solutignsraposals for improving the security have
been introduced. In general, two main levels of the secarigy

e cryptography level

e trust level

It is important to note that these levels are not isolated fom@ another, but they are very often used
complementary. A brief description of both levels follows.

2.1. Cryptography

On the first level strong cryptography algorithms are theidyaaking responsibility for shielding trans-
mitted data against man-in-the-middle attack, threat pf &c. Cryptography plays also important role
in certificates (Public Key Infrastructure - PKI]13]) enialgl users to communicate, share resources and
information, etc. Cryptography, however, is enough onlyewlttonsidering tasks like sending messages,
sharing files, etc. with accent on secure transmission dfdaa. This approach, nevertheless, suffers by
lack of additional abilities required by human users, likeen to share data, when to trust the sender, etc.
Therefore the next level is responsible for the trust marneage.

2.2. Trust Models

The trust management approaches build an enhanced sdeuetyn underlying cryptography level. The
main task is to build, preserve and manage relationshipgdsst users. The relationship are usually build
up on the trust.

The trust of a party A to a party B for a service X is a measurdlelef of A in that B behaves dependably
for a specified period within a specified context (in relatiorservice X)

This approach is similar to the well known term of creatingtiv&al Organization in the grid environment.
The necessary condition for practical evolution of VOs ishive a strong mechanism preserving their
overall security.

2.3. Related Work
In the following a brief overview of the trust managementigehes proposed for VO is given. Two main
approaches are currently available for thest management

The policy-basedpproach has been proposed in the context of open and distliservices architectures
[@4], [25], [L8], |[L4], [18] as well as in the context of Grif&d] as a solution to the problem of authoriza-
tion and access control in open systems. Its focus is onmasagement mechanisms employing different
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policy languages and engines for specifying and reasomnuiies for trust establishment. In addition, it
is possible to formalize trust and risk within rule-basedigyolanguages in terms of logical formulae that
may occur in rule bodies. Currently, policy-based trustyisi¢ally involved in access control decisions.
Declarative policies are very well suited for specifyingass control conditions that are eventually meant
to yield a boolean decision (the requested resource israjtlamted or denied). Systems enforcing policy
based trust typically use languages with well-defined s¢icemand make decisions based on "nonsubjec-
tive" attributes (e.g., requester’s age or address) whigfhtrbe certified by certification authorities (e.g.,
via digital credentials). In general, policy-based trgghiended for systems with strong protection require-
ments, for systems whose behavior is guided by complex emldfor must be easily changeable, as well as
for systems where the nature of the information used in thlecaization process is exact.

The reputation-basedpproach has emerged in the context of electronic commesterss, e.qg. eBay.
In distributed settings, reputation-based approaches haen proposed for managing trust in public key
certificates, in P2P systems, mobile ad-hoc networks, acehtly, in the Semantic Web, such asl[20],
210, [22], [23], [24], [25]. Typically, the reputation-lsad trust is used in distributed networks where any
involved entity has only a limited knowledge about the whadéwork. In this approach, the reputation is
based on recommendations and experiences of other useEss/si

In the following we will put a strong emphasis on creating threlerlying VO by “evolution”. In order
to describe it we need a model which can efficiently capturecti@nges. This model is described in the
subsequent section.

3. Security Model Based on Virtual Organization

As was mentioned previously, VO can be useful model for ingathe trust between users in all related
environments (mobile databases, semantic web, grids).h@®mwther hand, VO model can be limited by
some specific features of the environment:

e mobile databasenvironment in addition to mobility of users also poses eelimitations to storage
and computation capabilities of devices

e semantic welenvironment with almost unlimited number of users posesiireqnents on storage
complexity

e gridswith heterogeneity and geographic diversity of resources

this list of additional limitations showns that a model hmaythe following specification is required:

1. The model should be able to store large amount of usersairsforage complexity. VOs are very
often modeled and depicted as (oriented) weighted grapiishB complexity of storing information
about all members in VO might be very high. The given compeisiO(n?), where n is the amount
of vertexes. This is, however, unacceptable in case of rmalaitabase environment and also semantic
web might very quickly exceed storage capacity of particntae.

2. The model should have some level of autonomy in builditati@ships and the trust among users.
The autonomous feature of the model is crucial when cornisigenvironments where users’ relation-
ships became complicated or agent technologies are usetl.f&ature is highly useful when users
would like to create strongly connected groupsthe-fly Nowadays approaches usually assume
that such groups are created by somebody and usually mgnwaé consider such creation as a
bottleneck of these models.

3. The model should be implementable in a distributed (logmeous) environment. A distributed
implementation is the key factor influencing model capéibgiand usefulness.
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Our approach is therefore build up on the previous list olirgments. The next section describes the very
base of our proposal.

3.1. The Security Model

We believe that the security model that fulfill all listed vé@ments from the previous section should have
an appropriate mathematical background. The reason istht@dackground can simplify the implemen-
tation and also improve efficiency by offering a set of welblum techniques for storing, organizing and
optimizing implementations. As a consequence, let us Bhdescribe the used mathematical model of
hypergraphs.

Hypergraph is quadrupld’, E, W,, W.), where V is a set of vertexes, E is set of edgés{(2"), W, is a
set of vertexes’ weights and finally. is a set of edges’ weights. The main difference between grapt

hypergrahs is that an hyperedge can be incident to more thewndrtexes. A hypergraph is in Figurk 1. It
is example of hyperpraph containing 5 hyperedges and 8xeste

N
LR

Figure 1: An example of hypergraph.

In Figure[2 the same situation is sketched, but now usinghgrapstead of hypergraphs. The edges in
Figure[2 are shown in different colors and styles accordingyperedges from Figufé 1.

Figure 2: An example of graph showing groups of vertexes.

Itis clear that hypergraphs are generalization of graptis also clear that hypergraphs are richer structures
than graphs. On the other hand, the richness of hypergrapssome implementations issues (but these
issues are out of scope of the paper).
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Let now return to the list of three additional limitation®fn the previous section.

e The first item on the list was the low space complexity. In theecof graphs the space complexity
is O(n?), which is unacceptable. On the other hand, in Fiflire 1 onesearhow VO can be stored
as hypergraph. In such a case VO is not stored as sets of ggrtedges and their incidences, but
simply by a membership of hyperedges. Therefore hypergraph be very useful for modeling VO
reducing the space complexity.

e The second requirement is a kind of autonomy. One of possiilgions is to have set of rules that
take care of all edges and also vertexes in the VO. Hence, eyped a set of rules for reevaluating
edges’ and vertexes’ weights (s€el[26].

e Third item on the list requires implementation in distribdtenvironment. When trying to build up a
list of all possible distributed implementation, one shibathrt with implementations basedRemote
Procedure Cal(RPC), like CORBAIZYF] or JavaRM[[28]. Another technologgrh mentioning are
services As an example let us mention web services based on WSDL{ZBFOAPI[30]. One of the
last possibility is to usenessage passindhe main advantage of message passing is simple and envi-
ronmentally independent implementation. With respectuoreeds and also to target environments
the best choice is message passing with its simple, stfaigferd and efficient implementation.

4. Experimental Application SecGRID

An experimental implementation SecGRID was programed irSRE and its aim was to verify that pro-
posed algorithms for edge reevaluation preserve consigtaithe VO. By the consistency of the VO we
mean that the structure will:

e not degenerate to one huge VO containing all nodes
e not degenerate to huge amount of very small VOs

e preserve relationships (expressed by an edge weight) batusers

’33 12 5
p :
2 8
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1
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22
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23

Figure 3: Experimental implementation output.

PhD Conference '06 169 ICS Prague



RomanSpanek A Security Model ...

To verify the model the simulation comprised two phases:

1. random generation of edges

2. intentional edge generation with special accent on prohtic situation in the VO evolution

One of the resulted graphical representation, which waaioéd using NetDRAW[31], is shown in Figure
B. The Figure shows a situation after few steps of adding £dde the structure have been done. Users
are depicted as circles in the color according to group meshlig apart from the reds that are members
of nongroup. Every group has also a leading member that hdiSathl responsibilities, e.g. outer group
communication support. The leaders are shown as squaifes dotor corresponding to group membership.
For the sake of lucidity, the edges weights are not shown.

¢ From the figure it can be seen that the consistency is pexband the vertexes are uniformly distributed
into groups. Note that group corresponds to a hyperedgerilypergraph model and that the implemen-
tation uses hypergraphs with hyperedge incidence 2.

5. Conclusions

The aim of the paper was to propose a new security model foilendbtabases, semantic web and grids.
The paper gave a brief overview on two separate levels ofdberity (cryptography and the trust) followed
by a list of features specific to the target environments.ikthgummarized all requirements we described
our proposal based on Virtual Organization model for thetteecurity level. Our model uses hypergraph
theory as its mathematical basis, as the hypergraphs halteealio reduce the space complexity of the
model. The results obtained through the experimental implgation are given to verify the “evolution”
phase of the proposed model demonstrated that it does netdege to any of the limiting cases. Although
the model is based on hypergraphs with full cardinality giénedges, the experimental application is based
on hypergraph with hyperedges’ cardinalities reduced to 2.
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Abstract

Combining classifiers has been given more and more impataritie recent years. The experiments
show that a team of several different classifiers can perfoetter than any individual classifier in the
team. This is why the combination of multiple classifiers barused to improve the quality of classifica-
tion. This arcticle tries to summarize and describe the comiynused approaches found in the literature
and to give a basic overview over this field.

1. Introduction

Combination of multiple classifiers is an effective method improving the quality (i.e. accuracy, pre-
cision, separability, sensitivity etc.) of classificatiowhenever we are solving a classification task, we
can construct several different classifiers, let them mteddependently, and then combine their outputs
somehow. The combination can be such that the strong pdinteclassifiers are amplified, while the
deficiencies are reduced. After the combination, the firedsifier can predict better than any of the single
classifier in the team. This idea is known in the literaturdemdifferent names, such as "classifier combin-

ing”, "classifier aggregation”, "classifier fusion”, "clasier selection”, "mixture of experts”, etc. Basically,
there are two main types of classifier combination:

o classifier selection where we use some rule to determine which classifier to us¢h@current
pattern; only this "expert” classifier is then used for thafidecision

o classifier aggregationwhere all the classifiers in the team are used to constradtrihl decision

In this paper, we will deal with classifier aggregation onl. special case of classifier aggregation is
combining of several classifiers of the same type, whichedifnly in their parameters or use different
training sets. This approach is known under the nemeemble methodls the literature.

The paper is structured as follows: in Seclidn 2, we forneatie term classifier and introduce some models
that can be used for classifier combination, Sedfion 3 desssome of the commonly used methods for
creating an ensemble of classifiers, and in Sedflon 4 we ibessome commonly used aggregation rules.
Sectiord then concludes the paper.

2. Classification

Classification is a process of dividing objects (or pattgfram some input spac&’ into several disjoint
sets, called classes. For example, we may try to recognimivirétten letters using a computer programme.
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The software (or mathematical mapping) which realizes th#k is called a classifier. We can formally
describe a classifier as a mapping

¢: X —{1,...,N}, (1)
whereX C R™ is then-dimensional feature space afitl ..., N'} is the set of class labels (we denote the
respective classes lty;, ..., Cn). An optimal, error-free classifier should also satisfy

VxeX:¢p(x) =i < z€(C; (2)

Construction of a classifier such thht (2) holds is nearlydsgible, so this condition is usually violated.
Some requirements on train or test error of the classifieuaes instead. To train the classifier to correctly
classify previously unseen patterns, patterns from tngjirsiet7 C X are used. Sef contains patterns,
which are already classified correctly by an expert and wetwanclassifier to somehow generalize this
knowledge to unseen patterns freth

Most widely-used classification methods are for examplaalenetworks, decision trees, Bayesian clas-
sifier, k-nearest neighbouk{NN), or support vector machines (SVM). All these methods peovide a
succesfull approach to classification, but sometimes highality of the classification is needed. If we
decide to combine different classifiers to improve the dualie see that classifiers defined usiig (1) give
us too little information. We could use a information of tlypeé "what is the 'weight of classification’ to
each class?”. To realize this, we define a classifier as a mgppi

¢: X —[0,1]%, 3)
where¢(x) = (u1(x), ..., un(x)) is the vector of 'weights of classification’ of to each class.

This type of classifier is usually denoted (for examplelln fhasurementlassifier, while[{ll) is usually
calledcrisp classifier. Sometimes other types of classifiers are usedxtmplerank classifier ([1]), which
outputs a sorted list of all possible class labels (i.e. thlstiprobable” class is first, the second most
"probable” is second and so on), possibilisticclassifier (see for examplgl[2]), for whigh (x) € [0, ).

In this paper, whenever we speak of a classifier, we mean mexasat classifier.

Measurement classifier can be converted to crisp and vicaver
Gerisp(x) = argmax{p;(x)[i =1,...,N} 4)

Pmeasurement (X) = (6(1,4(x)), ..., d(N, ¢(x))),
whered (i, ¢(x)) = 1if ¢(x) = 4, 0 otherwise.

The interpretation of(x) depends mainly on the classifier used; possible interpoetatan be:

e posterior probability , u; = P(x € C;|x), for example for Bayesian classifier

w; = degree oimembershipof x to a fuzzy set;
e 1; = hormalizeddistanceto the nearest representant of clas®r 1-NN classifier

e 11; = number of nearest representant®of classi (divided byk), for k-NN classifier

Sometimes additional conditions @ are demanded, for examp}e, 1;(x) = 1 for probabilistic inter-
pretation of¢(x). However, these conditions are not important for classd@nbining itself, so we only
requireu; € [0, 1]. Since we aim to present a general approach to classifiericamybwe also do not care
about the interpretation qf;, and we only interpret these values as some general 'weijlatassification’
to classC;.
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BaggingCreate an ensemble of classifiérs . . . , ¢y, using training se? = {x; € X|i =1,...,m}:
1. Setj =1.

2. Samplen-times with replacement from the training $Et using uniform distribution, i.eP(x;) =
1/m ¥i, creating a new training s&f,.

3. Create a classifief; using training sef;.

4. If j < k, increment j and return to (2), otherwise end with outpyt. . ., ¢.

Figure 1: The bagging algorithm

3. Ensemble methods

It is straightforward that if we want to build a team of sevetassifiers, these classifiers should all perform
well. However, we should care not only about the train ant ¢ée®r of the classifiers in the team, but
also about the diversity of the classifiers. A team of mutualbependent and diverse classifiers can
perform quite well in comparison to any of the single class#fi However, if the classifiers in the team are
"negatively dependent”, i.e. they make dependent errohefwone of the classifiers predicts wrong, then
also many of the other classifiers predict wrong), the teanhefclassifiers can be worse than the single
best classifier. On the other hand, the team can be such tyat &ew classifiers in the team predict wrong
and the rest of the team predicts well for each pattern. Ihdhse, classifier combining can significantly
improve quality of the prediction over the single best dféess

Of course, diversity of the team is not the only quality detiging the improvement of the performance,
but it is an important feature. The diversity of a classifearh can be measured by various measures. Many
diversity measures are analyzed and compared to each otf#3r Also the role of diversity of the team on
the final error rate is discussed here. An entropy basedsiiyaneasure is introduced ihl[4]. The role of
diversity on the quality of the final aggregated classifiesti a subject of research.

Several methods for building a diverse team of classifiergweveloped. Among them, ensemble methods
are used frequently. These methods construct a set offigassif the same type, which differ only in their
parameters or have different training sets. Here we wilcdbs bagging and boosting, which work with
modifying the training set. Other methods, constructinmgeiamplek-NN classifiers with different metrics
(8D, SVM with different kernels, or neural networks witlifigérent architectures, can also be developed.

The idea of bagging (Bootstrap AGGregatING) was introduzgBreiman in[6]. Bagging takes bootstrap
samples (random uniformly distributed sample with reptaegt of the same size as the training set) and
uses this set as a new training set for the individual classiSome patterns are selected more than once,
some of them are not present in the new training set. The hggdgorithm is summarized in Fifg 1.

Another approach, presented for examplein [7], is calleasting. Boosting is a general machine learning
method for improving the performance of a weak (i.e. simplet complex) classifier, which works by
repeatedly running a given weak algorithm with differergtdbutions over the training set. In this paper,
we present the AdaBoost algorithm by Freund and Schapife ¢ddaBoost also uses bootstrap technique,
with the only difference that the probability of selectingattern is not uniform and also changes in time.
The first classifier is created by uniform bootstrap samplthgn its train error rate (using the original
training set) is measured and those patterns which areftalssicorrectly are given greater probability of
selection. If the train error of the classifier is too highr(éxample higher than 0.5 for binary classifier),
the classifier is discarded and the probabilities are sek tmagniform. Then the whole process is repeated.
After all classifiers are constructed, the aggregation isllg done using a weighted average, where the
individual weights correspond to the appropriate trairesr Of course, any other aggregation rule can be
used.
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AdaBoost.M1Create an ensemble of classifigks . . . , ¢, using trainingsef = {x; € X|i =1,...,m};
for each training patterr; we know the corresponding class labegl

1. Setj =1.
2. Initialize the discrete probabilitieB; (x;) = 1/m Vi.

3. Samplen-times with replacement from the training $etusing the discrete distributiaf;, creating
anew training sef;.

4. Create a classifies; with training set7;.
5. Calculate the weighted error ¢f:
err; = Z P;(x;)
i:¢(Xi)#Yi
6. If err; > 0.5, discard the classifies; and return to (2).
7. SetB; =err; /(1 — err;).
8. UpdateP:

Pipi(xi) = Bixi) | {ﬁj for é(xi) = yi

C 1 otherwise
whereC' = ). P;(x;) is a normalizing constant.

9. If j < k, incrementj and return to (3), otherwise end with outpit . . ., ¢x. If weighted average is
used for aggregation of the classifiers, use the weights log ﬁ_1]

Figure 2: The AdaBoost.M1 algorithm

Here we present the AdaBoost.M1 algorithm, which can be @selinary classification. In]7], there is
also described a modification for multi-class classifiaatibdaBoost.M2. These two methods are the same
for binary classification and differ only in the handling abplems with three or more classes; for the sake
of simplicity, we will describe AdaBoost.M1 only. It is dedwed in Fig.[2.

Boosting and bagging are experimentally comparedlin [7Enelin the most cases boosting performs better
than bagging. In[8], theoretical aspects of bagging andtiog are dealt with and a new class of methods,
called arcing (the special case of which is AdaBoost), imhiced. Also a decomposition of classifier
error to bias and variance and the effect of reducing vaddrycclassifier combining is discussed here.

4. Classifier aggregation

After we have constructed an ensemble consistingaéssifiersyy, . . . , ¢x, we need to aggregate them to
get the final classifier. The output of the ensemble can betstmed to ak x N matrix:

2.X _ H21(X)  p22(X M2, N (X ’ (5)
Pk (%) e (%) pr2(X) oo N (X)

wherey; ;(x) is the 'weight of classification’ ok € C; assigned by classifies;. In [3], this matrix is
referred to as aecision profile
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To aggregate the results of the classifiers, we use somegajgne rule:

O(x) = F(¢1(x), ..., ¢ (x)), (6)
where® is the final classifier. Usuallyp is a measurement classifier, and for the final predictiomtitput

is converted to crisp answer usirg (4).

A very good overview and experimental comparison of differeggregation rules can be foundlin [2]. We
will present some of the commonly used aggregation rulesdan the literature. The rules can be divided
into four main types — arithmetic, probabilistic, fuzzy,chnierarchical classification. Also other methods,
for example Dempster-Shafer fusiohl([Z]} [9]) can be used.

4.1. Arithmetic rules

The simplest rules use only some simple arithmetic opearatio combine the classifier outputs. We can
use for example:

e voting (for crisp classifiers) — each classifier has one vote, andl#ss with maximal votes is taken
for result. Ties are broken arbitrarily.

e maximum — for each column of the matrik}(5), we use the maximal valug,am other words:
wi(x) = max{p; ;(x)[i=1,...,k}, j=1,....,N

e minimum — same as the previous, only the minimal value is chosenddste
wi(x) =min{p; ;(x)[i=1,...,k}, j=1,....,N

e mean- this approach tries to approximate the "typical weightlaésification” for each class through
all the classifiers:

k
1 .
) = 3 g0, G =1 N
i=1

e weighted mean— suppose that we have defined a weightfor each classifier (for example the
weights from AdaBoost.M1 algorithm). Using these weights, can add more importance to the
classifiers that predict better than the others:

115 () = Sy witti(X)

e product — "weight of classification” to clasg is computed as a product of tha column of matrix

B):

k
pi(x) = [[mi;x), i=1,....N @)
=1

4.2. Probabilistic rules

Here we present two different aggregation rules which usbdlility theory to combine the classifiers —

behavior knowledge space, and product rule. The formetesegll possible combinations of crisp class
labels, and in each combination, the most probable clagddsted. The latter tries to estimate the posterior
probability that the current pattern belongsjth class for a giver.

e behavior knowledge space (BKS} this approach works with crisp classifiers. Every possibim-
bination of crisp outputs is generated, and in each pantiftmmbination of the crisp outputs), the
most frequent class (among patterns from the training setyliich the ensemble classifiers give the
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same combination of crisp outputs) is taken for the finalsifecmtion of the team. If in any parti-
tion there are no training patterns, or tie occurs, a randieaice (using uniform distribution) among
the appropriate classes is made. For example, if we haveb classifiers andV = 3 classes, the
possible crisp outputs are:

[1,1,1,1,1)[1,1,1,1,2][1,1,1,1,3][1,1,1,2,1] ...[3,3,3,3, 3]

If in the first partition[1, 1, 1, 1, 1](which means that every classifier predicts cl@syof the training
set (i.e. patterns, for which every classifier predictslas), there arer, s, t representants of the
classes”;, C; andCs respectivelyarg maxc, c,,c5{7, $, t} is the final result in this partition. Ties
are broken at random (using uniform distribution).

e product — if we can interpret the outputs of the ensemble classifigesstimates of posterior proba-
bilities, i.e. u; ;(x) = P;(x € C;|x), and the classifiers, ..., ¢, are mutually independent, then
the product aggregation rulgl(7) has also probabilistierjppretation (conjunction of all the proba-
bilities). We can also take into account the prior probébdi of the classe®(C),..., P(Cn),

P(C)) = %, resulting in the final Bayes approximation:

Iy piy(x)
J

4.3. Fuzzy rules

If we can interpret the classé%, ..., Cy as fuzzy sets and the classifier outputéx) as fuzzy member-
ship ofx to classC;, we can use fuzzy logic approaches to aggregate the out@otsparison of fuzzy
versus nonfuzzy methods for classifier combining can bedonf10].

e fuzzy integral—let the universal set be the set of all classifiérs {¢1, ..., ¢}, g fuzzy measure on
U (representing the importance, or quality, of the classiieandA; (x) = (u1;(x), - . ., pr;(x))7
the jth column of matrix [b) (representing the membershipxaio class; for all the classifiers).
A;(x) can be treated as a fuzzy setdnThe fuzzy measurg can be computed frorh point-wise
values of the measurg?, ..., ¢(® (called fuzzy densities). We can then use Sugeno or Choquet
fuzzy integral to aggregaté ; (x) using the fuzzy measure The aggregation using fuzzy integral
(as described ir[110]) is ilustrated in FId. 3.

o decision templates- this technique was developed by Kuncheva et alllin [2]. Behelass”;, a
decision template (which expresses a "typical” ensembtpuddor this class) is defined astax N
matrix DT', which elements are averages of the ensemble outputs thiauthe training patterns
belonging toC;:

S ety Hrs(X)

(DT5)rs = #{xeT:xe(C}}

(8)

We interpret the matrice§](5) add7; as fuzzy sets on a universal $¢bf &k x N elements. When

x is submitted for classification, ensemble outfit (5) is coteg and some kind of similarity of
this output and decision template for each class are mahsthese similarities can be for instance
fuzzy similarities of these sets, fuzzy inclusion indicesnsistency measures or any matrix norm of
the difference of the two matrices. In [2]] different similarities are proposed, and also the effect of
using different "similarity” measures is discussed. Adliog to the experimental results inl [2] and
[LQ], we can recommend the Euclidean distance, oStheimilarity measure: lefl, B be fuzzy sets
onU, andu 4, up their membership functions. Then we define

where ||A|| denotes the relative cardinality of fuzzy sel and paap(u) =
max{png (), ping(u)}, wheren is a fuzzy intersection ands a fuzzy complement.
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Fuzzy integral

1. Fix thek fuzzy densitieg/(V), ..., ¢g(*). These values can be for example estimates of the classifier
accuracies.

2. Calculate\ as the only real root greater thar of the equation:

k
A+1=]J0+ ")
i=1

3. Whenx is submitted for classification, perform steps (4)-(7)fee 1,..., N.

4. Sort the jth column of matrix [b) in ascending order, obtaining the rbenship values
M5 (X); -y Ry, 5 (X).

5. Sort the fuzzy densities correspondingf§2), . . ., (%) and sety(1) = g(*1).
6. Foreach = 2,...,k calculate
g(t) = g") +g(t — 1) + Ag"g(t — 1)
7. (a) For Sugeno integral, the final value is
() = | max {min{pg ;(0),9()}}

(b) For Choquet integral, the final value is

k
15 (%) = piy 5 (%) + D (1,5 (%) = s, 5 (%)) g(t = 1)
t=2

Figure 3: Fuzzy integral

4.4. Hierarchical classification

The output[[b) of the ensemble can be treated as a vector mfrésa [0, 1] of lengthkN. We can use
this space as an input for a top-level classifier and trainsp alassifier® : [0, 1]*Y — {1,..., N}. This
approach has one drawback, that if the classifigrs . . , ¢; predict "nearly crisp labels” (i.e. only one
member of the vectap(x) is close to one and the remaining are close to zero), therotregiance matrices
of the training patterns are close to singular. Therefoteenever we use normal distribution for modelling
the pattern distribution in the classes (for example in Bayeclassifier, linear and quadratic discriminant
analysis and many others), the results may be inaccurate.

5. Conclusion

In this paper, we described different approaches to classifimbination. Possible mathematical models
of classifiers that can be used for classifier combining wetre@duced. Also two methods for creating an
ensemble of classifiers, bagging and boosting, were destribhen some of the commonly used methods
for aggregation of the outputs of multiple classifiers wegsdaibed. In the future, | would like to study the
fuzzy integral aggregation rule, and also try to use othpesgyof fuzzy integral than Sugeno and Choquet
type. | would also like to try aggregating the classifiersigsa Mamdani-Assilian fuzzy controller.
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