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1. Uczenia sie: Brak. Nie generuje si¢ modelu (hipotezy)

dla funkcji docelowej
2. Klasyfikacja: Odpowiedz jest kombinowana bezposrednio

ze danych treningowych

1. Uczenie si¢: Buduje sig pelny model opisujacy funkcje docelujaca
2. Klasyfikacja: Odpowiedz jest oparte na generowanym modelu
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o Eager learning: Buduje globalna hipoteze
Leniwe techniki o Zaleta:
il Prosty opis zbiér danych
Szybki czas klasyfikacji
o Wada:
Czas uczenia sie jest obciazliwy
Jakos¢ klasyfikacji nie wysoka
o Lazy learning: Buduje lokalna hipoteze
o Zaleta:
Szybki czas uczenia sie
Mozna projektowaé algorytmy klasyfikacji on-line
Wysoka doktadnos$¢ klasyfikacji
o Wada:
Czas klasyfikacji dtugi
Wymagania: funkcja odlegtosci, strategia gtosowania
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k-NN
o Potaczenie k-NN z drzewem decyzyjnym

o Generowanie podzbioru regut, ktére moga klasyfikowaé
obiekt

@ Generowanie poddrzewa decyzyjnego, ktére moze
klasyfikowaé obiekt
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Regutowe
klasyfikatory

© REGULOWE KLASYFIKATORY
@ Reguty decyzyjne
@ Szukanie minimalnych regut decyzyjnych
@ Metoda
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Ogdlny schemat:

@ Uczenie sie: Generuj zbidr
Regutowe regu{' RUZGS(T) dla tabhcy
klasyfikatory danyCh T

o Selekcja regut: Wybierz Rule set RULES(A)

zb|o.r MatchRules(T,/a:) N i
zawierajacy reguty, ktdre

Decision table A —-I Decision rule generation |

pasuja do nowego obiektu . MatchRules(4, z)
o klasyfikacja: Wyznacz klase )

decyzyjna dla z za pomoca
gtosowania na zbiorze
MatchRules(D, x)
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Ogolny schemat:

o Generowanie regut:
Regulowe Generuj zbidr
klasyfikatory . 33
MatchRules(T, 1;) New object Decision table /
zawierajacy reguty, ktére
pasuja do nowego obiektu

I Decision rule selection I

€. MatchRules(A, z)
o klasyfikacja: Wyznacz

klase decyzyjna dla x za deelz)

pomoca gtosowania na

zbiorze

MatchRules(T, x)
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Let A be a set of attributes. The description language for A
is a triple

Nguyen Hung Son

L(A) = (D, {Vv,A,—},F)
where

Reguly decyzyjne o D is the set of descriptors
D={(a=v):a€ Aandv € Val,}

e {V,A,—} is a set of standard Boolean operators

o F is a set of boolean expressions defined on D called
formulas.

@ For any B C A we denote by D|p the set of descriptors
restricted to B where

Dip={(a=v):a € B and v € Val,} We also denote
by F|p the set of formulas build from D|p.



SEMANTYKA W SYSTEMACH
INFORMACYJNYCH

Data mining

THE SEMANTICS
Let S = (U, A) be an information table describing a sample
U C X. The semantics of any formula ¢ € F, denoted by
[[#]]s, is defined by induction as follows:
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Reguty decyzyjne

[(a =0)lls ={z €U :a(x) = v} (1)
[[¢1V @2lls = [[¢1]ls U [[¢2]ls (2)
[[¢1 A @2lls = [[¢1]]s N [[¢2]ls (3)

[=olls = U\ [[¢l]s (4)

We associate with every formula ¢ the following numeric
features:

e length(¢) = the number of descriptors that occur in ¢;

o support(¢) = |[[¢]]s| = the number of objects that
match the formula;



REGULY DECYZYJNE

Data mining

Nguyen Hung Son

DEFINICJA REGUL DECYZYJ

Let S = {U, AU {dec}} be a decision table. Any implication
of a form

Reguty decyzyjne

¢ =4

where ¢ € F 4 and § € Fy., is called the decision rule in S.
The formula ¢ is called the premise of the decision rule r
and ¢ is called the consequence of r. We denote the premise
and the consequence of the decision rule r by prev(r) and
cons(r), respectively.
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(GENERIC DECISION RULE

The decision rule r whose the premise is a boolean
Reguly decyzyine monomial of descriptors, i.e.,

r=(a;, =vi)A...A\(a;, =vm) = (dec=k) (5)

is called the generic decision rule.

We will consider generic decision rules only. For a
simplification, we will talk about decision rules keeping in
mind the generic ones.



il Recuiy ..
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(FIERMEESN  Every decision rule r of the form (5) can be characterized by
the following featured:

length(r) = the number of descriptor on the assumption
of r (i.e. the left hand side of implication)
[r] = the carrier of r, i.e. the set of objects from
U satisfying the assumption of r
support(r) = the number of objects satisfying the assump-
tion of r: support(r) = card([r])
Y] N DEC,|

|[x]|

The decision rule r is called consistent with A if

Reguty decyzyjne

con fidence(r) =

confidence(r) =1
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MINIMAL CONSISTENT RULES

Reguly decyzyine For a given decision table S = (U, A U {dec}), the consistent
rule:

r=¢ = (dec = k)

is called the minimal consistent decision rule if any decision
rule ¢’ = (dec = k) where ¢’ is a shortening of ¢ is not
consistent with S.



METODA OPARTA O WNIOSKOWANIE
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o Kazda reguta powstaje poprzez skracanie opisu jakiegos
obiektu.

o Redukty lokalne
@ Te same heurystyki dla reduktéw decyzyjnych.
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Jako$¢ obstugi | Jakos¢ towaru | Obok autostrady? | Centrum? | d
1D al a2 as a4
1 dobra dobra nie nie S
2 dobra dobra nie tak [S
3 bdb dobra nie nie |
Szukanie minimalnych 4 slaba super nie nie
STUCSTRTbE 5 slaba niska tak nie
6 slaba niska tak tak S
7 bdb niska tak tak
8 dobra super nie nie S
9 dobra niska tak nie
10 slaba super tak nie
11 dobra super tak tak
12 bdb super nie tak
13 bdb dobra tak nie
14 slaba super nie tak
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M
3 ai, a4 ai,az,as, a4 ai,a
4 ai, a2 a1,a2,04 a2,a3,0a4 ai
5 ai,az,as a1,a2,as, a4 aq ai,az,as
7 ai,a2,as,a ai,az,a a
Szukanie minimalnych 1,92,93, 94 1,92,43 1 ai,0a2,a3,084
regut decyzyjnych 9 az,as az,as, a4 al,aq a2, as
10 ai,az,as ai,az,as,aq az, a4 a1, a3
11 az,as, a4 az,as ai, az asz, a4
12 ai, az,a4 ai, az ai,a2,as ai, a4

(a1)(a1 Vag)(ar Vas VagVag)(ap Va) =a

(a1 = bdb) = dec = zysk
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Nguyen Hung Son 3 a1 a1, a4 a1,az,as,as a1, as
4 ai, a2 a1,az,a4 az,a3,0a4 ai
5 ai,a2,a3 ai,a2,a3,04 aq ai,az,as
7 ai,a2,a3, a4 ai,az,as ay ai,a2,a3, a4
9 a2, a3 az,as3, a4 ai,aq az,as
10 ai,az,as ai,az,as,aq az, a4 ai,as
e 11 a2, a3, a4 az,as ai, az as, aq
12 ai,az, a4 ai,a ai,az,as ai,aq
qu (051 V 042)(011)(041 V ag V 043)((11 VasVagV 044)(012 V

Reguty:
o (a; = dobra) A (a3 = nie) = dec = strata

o (a; = dobra) A (ag = super) A (ag = nie) = dec =
strata

(041 vV CM3)(C¥3 V 044)(041 vV 044)

Oél(CVQ vV 053)(043 V Oé4) = o103 V 1oy
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ALGORITHM: Rule selection

Input: The object z, the maximal length Anax, the minimal support omin, and
the minimal confidence v pin.
Qutput: The set MatchRules(A, ) of  decision rules  from
MinRule s(A, Muax, Tmin, @min) matching .
BEGIN
CL:i=P;i:=1;
WHILE (2 < Amax) AND (C; IS NOT EMPTY)) DO
Metoda Fi:=0; R; :=0;
For C € C; DO
($1,. .., 8q):= GetClassDistribution(C);
support =81 +... + 84;
IF support > omin THEN

IF (max{s1,..., Sa} = Qmin * support) THEN
R::=R; U{C};
ELsE
F;:=F; U{C};
ExpFor
Cip i=AprGen(Fi); 1 =i+ 1;

ENDWHILE
RETURN |, R;
EnND
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Alay az__as a1 _|dec Al.ldi dz ds di |dec
ID|outlook temp. hum. windy |play
- ID |a1|s a2]z asl|e a4]z|dec
1|sunny hot high FALSE| no
. 11 0 1 0 no
2 |sunny hot high TRUE]| no
. 211 0 1 1 |no
3 |overcast hot  high  FALSE]| yes
. . . 310 0 1 0 |yes
4 |rainy mild high  FALSE| yes
. 410 1 1 0 |yes
5|rainy  cool normal FALSE]| yes
Metoda . 5 |0 0 0 0 |yes
6 |rainy  cool normal TRUE | no
60 0 0 1 |no
7 |overcast cool normal TRUE |yes |=
: : 710 0 0 1 |yes
8|sunny mild high  FALSE| no
811 1 1 0 |no
9 |sunny  cool normal FALSE|yes
. : 911 0 0 0 |yes
10|rainy ~ mild normal FALSE| yes
! 100 1 0 0 |yes
11|sunny  mild normal TRUE |yes
. . 1111 1 0 1 |yes
12|overcast mild high  TRUE | yes
120 1 1 1 |yes
13|overcast hot  normal FALSE| yes
. . . 130 0 0 0 |yes
14|rainy mild high  TRUE | no 14 [0 1 1 1 |no
x |sunny mild high TRUE]| ?
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~

outlook(overcast

humidity(normal) AND windy(FALSE
outlook(sunny) AND humidity(high
outlook(rainy) AND windy(FALSE
outlook(sunny) AND temperature(hot
outlook(rainy) AND windy(TRUE
outlook(sunny) AND humidity(normal
et temperature(cool) AND windy(FALSE
temperature(mild) AND humidity(normal

temperature(hot) AND windy(TRUE

outlook(sunny) AND temperature(mild) AND windy(FALSE
outlook(sunny) AND temperature(cool

outlook(sunny) AND temperature(mild) AND windy(TRUE
temperature(hot) AND humidity(normal

=play(yes)
=play(yes)
=play(no)
=play(yes)
=-play(no)
=play(no)
=play(yes)
=play(yes)
=play(yes)
=play(no)
=play(no)
=play(yes)
=-play(yes)
=play(yes)

NN N NN N NS Na N NN Na NG N
HHERERERERRRNDNMNNDMNMNDWWD

MatchRules(A, x) zawiera 2 reguty:

@ (outlook = sunny) AND (humidity = high) = play = no (rule nr 3)

@ (outlook = sunny) AND (temperature = mild) AND (windy = TRUE)
= play = yes (rule nr 13)
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Metoda

Amaz = 3; Tmin = 15 Omin = 1

i=1 =2

C, check | Ry Fi Co check Ro Fo

{di} | (3.2) {di} || {d1,d2} | (1,1) {d1,d2}

{d2} | (4.2) {d2} || {d1,ds} | (3,0) | {d1,ds}

{ds} | (4.3) {ds} || {di,da} | (1.1) {d1,da}

{da} | (33) {ds} || {d2,ds} | (2,2) {d2,d3}
{d2,ds} | (1,1) {d2,ds}
{ds3,ds} (2,1) {d3,da}

1=3
Cs check Rs F3
{d17d27d4} (0,1) {dl,dg,d4}
{d2,d3,d4} (1,1) {d27d3,d4}

MatchRules(A,z) = Ra2 UR3:

(outlook = sunny) AND (humidity = high) = play = no
(outlook = sunny) AND (temperature = mild) AND (windy = TRUE)

= play = yes
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