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Motywacje

e e e e e e

Wzrasta przepasc¢ miedzy generowaniem danych a ich zrozumieniem

Odkrywanie wiedzy z danych (ang. Knowledge Discovery, Data Mining)
OWD jest procesem identyfikowania przez indukcje:

m prawdziwych,

= nietrywialnych,

m potencjalnie uzytecznych,

m bezposrednio zrozumiatych
wzorcow w danych

Wzorzec = reguta, trend, zjawisko, prawidtowos¢, anomalia, hipoteza,
funkcja, itp.

Wzorce sg uzyteczne dla wyjasniania sytuacji opisanych przez dane
oraz do predykcji przysztych sytuacji



Motywacje — odkrywanie wzorcow

E namples:

m Przykiad danych diagnostycznych

tawSpeed |ComprPrezzure |Blacking | Torque SummerCong |WinterCong | OilCans HorgePower | State
1.
m 176 autobusdéw (obiektéw) 2 |76 2 0 420 22 2 : 1o !
3 g3 1 g2 400 22 24 3 101 1
4 |90 2 43 477 21 5 1 138 3
m 8 Symptomow (atrybutow) A 2 g2 460 pal 5 i 130 2
|72 2 73 425 23 27 2 12 1
_ 7. =8 2 50 420 21 24 1 140 3
m Globalny stan techniczny: 8|87 2 56 © 2 27 1 135 3
g, |90 2 15 425 26 7 0 150 3
) ; 10. |60 1 95 400 23 24 4 96 1
3 - dobry (uzytkowac) 1. a0 2 0 451 71 % 1 125 1
12 |78 2 E3 448 21 2 1 120 2
2 - do przegladu 132 |90 2 2 482 22 24 0 148 3
14 |2 1 g3 400 22 28 3 100 1
, 15 |82 2 54 461 22 s 1 132 2
1 - do remontu (wycofac) 16 |65 2 57 a2 2 7 2 103 1
) o 17. |90 2 51 468 22 2 1 138 3
m OdkrycC wzorce = znalezC 18 |30 2 15 438 20 23 0 150 3
_ o _ _ 19 |76 2 E5 428 27 3 2 116 1
zaleznosci miedzy symptomami [ s 2 50 £ 2 % 1 129 2
] 21 |85 . 53 450 22 25 1 126 2
a stanem technicznym 22 a8 2 18 B2 2 i 130 3
23 |60 1 a0 400 24 28 4 95 1
s Emiad - 24 |64 2 71 420 23 5 2 105 1
= Wzorce WyJasniajq deCYZ_]e x5 |75 2 £4 432 22 5 1 114 2
; : 26 |74 Y, £4 420 21 25 1 110 2
eksperta | iEipontelga]le] 27 |68 2 70 400 22 2 2 100 1
diagnozowanie nOWyCh e —
Atbributes: 9 of 10 Examples: 76 Decision: State Missing Yalues: Mo

przypadkow



Introduction

m Discovering knowledge from data means to find concise classification patterns
that agree with situations described by the data

m The situations are described by a set of attributes, called also properties,
features, characteristics, etc.

m The attributes may be either on condition or decision side of the description,
corresponding to input or output of a decision situation

m  The situations may be objects, states, examples, etc.
It will be convenient to call them objects from now

m  We present a knowledge discovery method for multiattribute decision making,
based on the concept of rough sets (Pawlak 1982)

m  Rough set theory provides a framework for dealing with inconsistent
or ambiguous data in knowledge discovery

m As the inconsistency and ambiguity follow from information granulation, the
core idea of rough sets is that of granular approximation



Classical Rough Set Approach (CRSA)

Example

m Classification of basic traffic signs

m There exist three main classes of traffic signs corresponding to:
= warning (W),
= interdiction (I),
m order (O).

m These classes may be distinguished by such attributes as the

shape (S) and the principal color (PC) of the sign
m Finally, we give few examples of traffic signs



CRSA - example of traffic signs

Traffic sign

Shape (S)

Primary Color (PC)

Class

a) & triangle yellow W
b) circle white I
c) . circle blue I
d) 4 circle blue O




Traffic sign | Shape (S) | Primary Color (PC) | Class

CRSA - example of traffic signs

2 @ triangle e W
= Granules of knowledge: % cirele white !
W={a}C|aSSI I={blC}C|aSSI O={d}CIass ? . cirele plue !
{a}S,PCI {b}S,PCI {Cld}S,PC d) [ ! circle blue O

m Explanation of classification in terms of granules generated by S and PC
m class W includes sign a certainly and no other sign possibly
m class I includes sign b certainly and signs b, ¢ and d possibly

m class O includes no sign certainly and signs ¢ and d possibly

m  Lower and upper approximation of the classes by attributes S and PC:

= lower_appx.s pc(W)={a}, upper_appX.s pc(W)={a}
= lower_appX.s pc(I)=1{b}, upper_appxX.s pc(1)={b,c,d}
= lower_appx.s pc(0)=9, upper_appx.s pc(0)={c,d}

= boundaryg pc(I)=upper_appX.g pc(I) - lower_appx.s pc(I)={c,d}
= boundarys pc(O)=upper_appX.s pc(O) - lower_appX.s pc(0)={c,d}

m  The quality of approximation: 2/4



CRSA - example of traffic signs

m  To increase the quality of approximation (decrease the ambiguity)
we add a new attribute — secondary color (SC)

Traffic sign | Shape (S) | Primary Color (PC) Sec:\t;lldar}-’ color (SC) || Class
a) @ triangle yellow red W
b) circle white red I
c) . circle blue red I
d) 4 circle blue white O

= The granules: {a}spc,scr {bFs,pc,scr {€Fspe,scr {drs,pe,sc

= Quality of approximation: 4/4=1



CRSA - example of traffic signs

= Are all three attributes necessary to characterize precisely the classes W, I, O ?

Traffic sign “\Shape(S/ Primary Color (PC) | Secondary color (SC) [ Class

@ \\&ian g/lZ yellow red W
b) c%e white red I

/Zucl\x blue red I

circle blue white O

a)

= The granules: {a}pc sc, {b}pcscr {Crpc,scr {d}pc sc

m  Quality of approximation: 4/4=1



CRSA - example of traffic signs

R i aaamaamammamamamaTaaaaaaaTmmmEmaTmTagTIaTTgngwgDan

Traftic sign | Shape (S} rimary Color (P Secondary color (SC) [ Class
a) @ triangle \ ellov/ red W
b) circle >< red I
c) . circle /blue\ red I
d) N circle blue white O

= The granules: {a}ssc, {b,Cksscr {d}s sc
m  Reducts of the set of attributes: {PC, SC} and {S, SC}

m Intersection of reducts is the core: {SC}
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CRSA - example of traffic signs

R ey

m  The minimal representation of knowledge contained in the Table - decision rules

Traffic sign Shape(S) rimary Color (PC) | Secondary color (SC) | Class

i

A triangle \\ell(m/ >< W
b) circle \>( red |
. circle /blue\ red I
d) ,0:, >< / blue white O

rule #1: if S=triangle, then Class=W {a}
rule #2: if S=circle and SC=red, then Class=I {h,c|
rule #3: if SC=white, then Class=0 L]

m Decision rules are classification patterns discovered from data contained
in the table
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CRSA - example of traffic signs

m Alternative set of decision rules

Traffic sign \§hape (S/ Primary Color (PC) | Secondary color (SC) [ Class
a) A t\ian g/é yellow W
b) cirgle white >< ' I
c) . /irclx\ blue red |
d) ,0:, circle \>L< white O

rule #1°: if PC=yellow, then Class=W
rule #2°: if PC=white, then Class=I
rule #3°: if PC=blue  and SC=red, then Class=I
rule #4°: if SC=white, then Class=0

12



CRSA - example of traffic signs

m Decision rules induced from the original table

Traffic sign || Shape (S) [ Primary Color (PC) | Class

a) é triangle 7 A%

b) vigele white I

c) . circte blue I

d) | | cirete blue O
rule #17: if S=triangle, then Class=W {a}
rule #27: if PC=white, then Class=I {b }
rule #3”: if PC=blue, then Class=I or O {c,d}

m Rules #1” & #2" - certain rules induced from lower approximations of W and I

m Rule #3"” - approximate rule induced from the boundary of I and O

13



CRSA - example of traffic signs

i aaaTmTITREmERmmTaTETRTaamagammammmmmaTmTwmTIEmaTgTgTnE

m  Useful results:

m a characterization of decision classes (even in case of inconsistency)

in terms of chosen attributes by lower and upper approximation,

= a measure of the quality of approximation indicating how good the

chosen set of attributes is for approximation of the classification,

m reduction of knowledge contained in the table to the description by

relevant attributes belonging to reducts,
m the core of attributes indicating indispensable attributes,

m decision rules induced from lower and upper approximations of

decision classes show classification patterns existing in data.

14



CRSA - formal definitions

i nhinnnnnnnnnnnnnennm

m  Approximation space
U = finite set of objects (universe)
C = set of condition attributes
D = set of decision attributes
CnD=J

C

X.= |1 X, - condition attribute space
g=1
D|

Xp= ] X, - decision attribute space
g=1



CRSA - formal definitions

m Indiscernibility relation in the approximation space
X is indiscernible with y by PcC in X, iff Xg=Yq for all geP
X is indiscernible with y by RcD in X, iff x =y, for all geR
I(x), Ir(x) - equivalence classes including x

I, makes a partition of U into decision classes CI={C/,, t=1,...,n}

m  Granules of knowledge are bounded sets:

I(x) in X, and I,(x) in X; (P<C and RcD)

m Classification patterns to be discovered are functions representing
granules I,(x) by granules I (x)

16



CRSA - illustration of formal definitions

=  Example

Objects = firms

Investments Sales Effectiveness

40 17,8 A High
35 30 A High
32.5 39 A High
31 35 A High
27.5 17.5 A High
24 17.5 A High
22.5 20 A High
30.8 19 O Medium
27 25 O Medium
21 9.5 O Medium
18 12.5 O Medium
10.5 25.5 O Medium
9.75 17 O Medium
17.5 5 O Low
11 2 O Low
10 ) O Low
5 13 O Low

17



CRSA - illustration of formal definitions

Objects in condition attribute space
attribute 1

Investment
o} Investment) A

20 .

attribute 2 (Sales)

20 40

18



CRSA - illustration of formal definitions

C

Indiscernibility sets

40 A

205. O

20 40 &
Quantitative attributes are discretized according to perception of the user
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CRSA - illustration of formal definitions

S L e s B e e e e s e e e e e s s e i e

Granules of knowlegde are bounded sets I5(x)
CE]

40 A

A

® N

20 | O

20 40



CRSA - illustration of formal definitions

Lower approximation of class High A

A
A
® A A
A | @
: AA

20

40
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CRSA - illustration of formal definitions

Upper approximation of class High A

40 A

T a %l P=Un)

20 40

22



CRSA - illustration of formal definitions

Lower approximation of class Medium @

40 f

20 |

20

40
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CRSA - illustration of formal definitions

e i e i e s

Upper approximation of class Medium @

40 A

] 0. P(X)= J1,(x)

20 40
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CRSA - illustration of formal definitions

Boundary set of classes High A and Medium @

el

20 | O

20 40 a
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CRSA - illustration of formal definitions

Lower = Upper approximation of class Low

20} ©

20 40 a
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CRSA - formal definitions

R e

Inclusion and complementarity properties of rough approximations
P(X )X P(X) P(X)=U-P(U - X)
Accuracy measures

= Accuracy and quality of approximation of XcU by attributes PcC

P X P

= Quality of approximation of classification Cl={Cl,, t=1,...n} by attributes PcC
n
yo(Cl)= Z”S( o).
= Rough membership of xeU to XcU, given PcC
X A 1p(x)

Ux( ) |IP(X)(

27



CRSA - formal definitions

S

= Monotonicity property with respect to the cardinality of P=C:
for any RcPcC it holds:

R(X)c P(X), R(X)2P(X)

m Cl-reduct of PcC, denoted by RED(P), is a minimal subset P' of P which
keeps the quality of classification Cl unchanged, i.e.

VP (CI ): 7/P(CI)
m Cl-core is the intersection of all the Cl-reducts of P:

CORE, (P)=("RED (P)

28



CRSA - decision rules induced from rough approximations

m Certain decision rule supported by objects from lower approximation of Cl,
(discriminant rule)

| f Xe =T, and Xy, =T, and .. Xy, = , then x e Cl,

m Possible decision rule supported by objects from upper approximation of Cl/,
(partly discriminant rule)

| f Xe =Ty, and Xy, =T, and .. Xy, = , then x e Cl,

m Approximate decision rule supported by objects from the boundary of Cl/,

It X, =1, and X, =r, and..x, =fr, , then xeCl orCl;or..Cl,

where {ql,qz,... }CC (q Ty, p)quleq2 XXV

cl.,cl,,...,Cl, are classes to which belong inconsistent objects supporting this rule

m  Rule strength - percentage of objects in U supporting the rule

29



Measures characterizing decision rules in system S=(U, C, D)

e e e e ]

m Support of a rule o> ¥ supps(®,¥) = card(® A THS)
supps (@, ¥)
: D,¥) =
m Strength of a rule &>V os(®,¥) card(U)

m Certainty factor of a rule @— ¥ (tukasiewicz, 1913):

_ supps(®, %)
ers\®, ) == cardliol, )

m (Coverage factor of arule o> ¥

supps(@,¥)
DY) =
)= caralv,)

m Relation between certainty, coverage and Bayes theorem:

Pr(¥ A @)
Pr(®)

Pr(® A¥)

cers(@,¥) = Pr(¥|o) = Pr)

, covs(@,¥)=Pr(of)=




i

CRSA - summary of useful results

m Characterization of decision classes (even in case of inconsistency)

in terms of chosen attributes by lower and upper approximation

m Measure of the quality of approximation indicating how good the

chosen set of attributes is for approximation of the classification

m Reduction of knowledge contained in the table to the description by

relevant attributes belonging to reducts
m The core of attributes indicating indispensable attributes

m Decision rules induced from lower and upper approximations of

decision classes show classification patterns existing in data
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Algorytm indukcji regut decyzyjnych z przyblizen klas decyzyjnych - LEM2

e ]

m Definicje i oznaczenia:
Przyktad — obiekt z tablicy S=(U, C, D)

B - niepuste dolne lub gorne przyblizenie, lub brzeg klasy decyzyjnej Cl,, czyli
zbioér przyktadéw pozytywnych

g — atrybut ze zbioru C
V, - dziedzina wartosci atrybutu geC
(g=v,) — warunek elementarny czesci warunkowej reguty, geC, VeV,

t = (q,v,) - para ,atrybut-wartosc” tworzaca warunek elementarny (g=v,)
[t] - zbior przyktadow spetniajacych odpowiedni warunek elementarny (g=v,)

T — koniunkcja par t ,atrybut-wartosc¢” tworzacych czes¢ warunkowg reguty:
(G1=Vgy) A (G2=Vg,) Avrr (Gp=V,)

[T] - zbior przyktadow spetniajacych koniunkcje (g,=v,,) A

A (G2=Vg,) Aven (qp=vqp), czyli zbiér przyktadow ,,pokrytych” przez T

32



Algorytm LEM2

Zbior B zalezy od koniunkcji T par ,atrybut-wartos¢” wtedy i tylko wtedy, gdy

@+ [T]= ﬂT[t]gB

m  Koniunkcja T jest minimalna wtedy i tylko wtedy, gdy B zalezy od T, a usuniecie
dowolnej pary t powoduje, ze B nie zalezy od koniunkcji T'= T-{t}

m T jest zbiorem koniunkcji T stanowigcym tzw. lokalne pokrycie zbioru B wtedy
i tylko wtedy, gdy spetnione sq nastepujgce warunki:

m kazda koniunkcja TeT jest minimalna

= |J[r]=8B
TeT
m T jest zbiorem o najmniejszej liczbie koniunkcji T

m  Koniunkcja TeT dla B = Q(Clt) tworzy regute decyzyjng pewng:

Jezeli (Xg,=Vq,) A (Xg,=Vg,) Acen (xqp=vqp), to x nalezy do Cl,

= Koniunkcja TeT dla B = C(Cl;) tworzy regute decyzyjng mozliwa:

Jezeli (Xg,=Vq,) A (Xg,=Vg,) Aeern (xqp=vqp), to x by¢ moze nalezy do CI,
33



Algorytm LEM2

e
= Koniunkcja TeT dla B = Bn-(Cl;) tworzy regute decyzyjng przyblizona:
Jezeli (xq1=vq1) A (xq2=vq2) A A (xqp=vqp), to x nalezy do Cl,uClu...0Cl,

m  Algorytm LEM2 buduje pojedyncze lokalne pokrycie T dla kazdej klasy
decyzyjnej, a doktadniej, dla kazdego dolnego lub gornego przyblizenia klasy Cl,,
lub brzegu klasy CI, (zbioru B)

m  Algorytm LEM2 uruchamia sie dla danego zbioru B, a w wyniku otrzymuje sie
minimalny zbior regut pokrywajacych wszystkie obiekty z tego zbioru

34



Algorytm LEM2

S e S e S e e

Procedure LEM2
(input: zbidr B,
output: pojedyncze lokalne pokrycie T dla zbioru B);
begin

G:= B; {zbior przyktadéw nie pokrytych dotychczas przez koniunkcje TeT}

T:= &; {aktualne pokrycie zbioru B-G3}

while G # &

begin
T:= &; {kandydat na czes¢ warunkowg reguty}

T(G):= {t: [t]nG = T}; {zbidr potencjalnych warunkow
elementarnych dla nie pokrytych przyktadéw?}

while T=O or [T] « Bdo

35



Algorytm LEM2

s s s s s s e e s s s e e s s e e e e e e e e s e eenieis

while T=O or [T] ¢ Bdo
begin

wybierz warunek t e T(G) taki, ze wyrazenie
[T u {t}]nG|/|[T v {t}]| ma wartos¢ maksymalng; jesli
wiecej niz jeden z warunkéw maksymalizuje powyzsze
wyrazenie, to wybierz ten, dla ktérego |[T u {t}]~G| ma
wartos¢ maksymalng; w przypadku niejednoznacznosci
wybierz pierwszy z rozwazanych warunkéw;

T:=Tu{t};, {dotacz najlepszy warunek t do koniunkcji T}

G:= G n [t]; {ogranicz zbidr przyktadow dostarczajacych
nowych warunkow elementarnych?}

T(G):={t: [t] n G =T }; <{uaktualnij liste potencjalnych
warunkéw elementarnych}

T(G):= T(G) - T; {usun z listy atrybuty, tworzace warunki
juz wybrane do tworzonej koniunkcji}

end {while [T] « B}
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Algorytm LEM2

end {while [T] « B}
for kazdy warunek elementarny t e T do
if [T-{t}]<B then T:=T - {t}; {usun nadmiarowe warunki}

T:=TuA{T};

G:= B - Ur[T];
end {while G = T}
for kazda koniunkcja TeT do

if UgrnlKl =B thenT:=T - {T}; {usun nadmiarowe reguty}
utworz zbidr regut R na podstawie wszystkich koniunkcji TeT;

end {procedure}
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Przyktad

B R B o B i

Przyktady
(obiekty)

Atrybuty warunkowe

Decyzja

Temperatura | Hemoglobina Cisnienie Dotlenienie

Samopoczucie

dobra dobre

Stabe

dobra

Stabe

wysokie

wysokie

Stabe




Przyktad

m (C-dolne przyblizenie klasy Stabe samopoczucie: B = {a, b}

s T(G) = {(Temperatura=niska), (Hemoglobina=dobra), (Cisnienie=niskie),
(Cisnienie=normalne), (Dotlenienie=dobre), (Dotlenienie=zte)}

m B=G={a, b}

m  Pokrycia warunkéw elementarnych:

[(Temperatura=niska)] =d{a, b, e f}
[(Hemoglobina=dobra)] = {a, b, g}
[(Cisnienie=niskie)] = {a, c, d}
[(Cisnienie=normalne)] = {b, e, f, g}
[ (Dotlenienie=dobre)] =d{a, f, i}
[(Dotlenienie=zte)] = {b}

m Procedura wybiera warunki (Temperatura=niska), (Hemoglobina=dobra)
poniewaz ich pokrycia majg maksymalny przekrdj z G

m Z powodu remisu stosuje sie kryterium minimalnej licznosci pokrycia, wiec
wybrany zostaje (Hemoglobina=dobra)



Przyktad

e e B e e e e e e e e e e e e e e e e e

m T = {(Hemoglobina=dobra)}
= Nadal G = B, poniewaz G n [(Hemoglobina=dobra)] = G

s T(G) = {(Temperatura=niska), (Cisnienie=niskie), (CisSnienie=normalne),

(Dotlenienie=dobre), (Dotlenienie=zte)}
m Poniewaz [(Hemoglobina=dobra)] « B, potrzebna jest nastepna iteracja
= Tym razem wybrany zostaje warunek elementarny (Temperatura=niska)
m T = {(Hemoglobina=dobra), (Temperatura=niska)?}
m T=T

m Poniewaz [T] = [B], zatem pojedyncze lokalne pokrycie B dokonane jest za

pomocg jednej reguty:

Jezeli (Hemoglobina=dobra) A (Temperatura=niska), to Stabe samopoczucie

40



Przyklad

m  Zbidér regut pewnych wygenerowanych przez LEM2:

Jezeli (Hemoglobina=dobra) A (Temperatura=niska), to Sfabe samopoczucie
Jezeli (Hemoglobina=b.dobra) A (Cisnienie=normalne), to Dobre samopoczucie
Jezeli (Temperatura=normalna) A (Hemoglobina=dobra), to Dobre samopoczucie

Jezeli (Cisnienie=wysokie), to Zte samopoczucie

41



Przyktad

R R R R i e

m  Zbidér regut mozliwych wygenerowanych przez LEM2:

Jezeli (Cisnienie=niskie), to Stabe samopoczucie

Jezeli (Dotlenienie=zte), to Stabe samopoczucie

Jezeli (Dotlenienie=b.dobre) A (Hemoglobina=dobra), to Dobre samopoczucie
Jezeli (Dotlenienie=dobre) A (Cisnienie=normalne), to Dobre samopoczucie
Jezeli (Temperatura=normalna) A (Hemoglobina=dobra), to Dobre samopoczucie

Jezeli (Cisnienie=wysokie), to Zte samopoczucie

42
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