Indukcja regut

JERZY STEFANOWSKI

Instytut Informatyki

Politechnika Poznanska
aktualizacja 2020




Zrodia

* Wyktad czesciowo oparty na moich poprzednich
wyktadach na szkotach doktorskich.

* Prosze takze przeczytaC stosowane rozdziaty z mojej
rozprawy habilitacyjne] — dostepna na mojej stronie
www.cs.put.poznan.pl/jstefanowski.

« Warto takze przeczytacC rozne anglojezyczne teksty:

« J. Furnkranz: Separate-and-conquer rule learning. Artificial
Intelligence Review.

« J. Furnkranz, D. Gamberger, N. Lavrac: Foundations of Rule
Learning, Springer 2012

* P. Flach: Machine Learning (ksigzka)



Reguty klasyfikacyjne

Zadanie klasyfikacji nadzorowanej

Wiek Zawdd dochod e Decyzja
21 Prac. fiz. 1220 Nie kupi Algorytm Indu kCJI
26 Menedzer 2900 Kupuje
44 Inzynier 2600 . Kupuje
23 Student 1100 Kupuje
56 Nauczyciel 1700 Nie kupi ReprezentaCja Wiedzy
reguty
45 Lekarz 2200 Nie kupi kR;m;ii::l student to kupuje
25 Student 800 Kupuje R2. Jezeli dochod > 2400 ...

Przyktady uczgce



Reguty — “why?”

IF Sex = male AND Age >

» Prosta reprezentacja symboliczna (CNF logic) 46 AND
. Number_of_painful_joints
IF Conditions THEN Class > 3 AND
o _ o _ Skin_manif. = psoriasis
« tatwiejsza i naturalna dla zrozumienia przez ludzi THEN Diagnosis =
— possible inspection and interpretation Crystal_induced_synovitis
— descriptive perspective
 Individual rules constitute "blocks" of knowledge o
* Rules directly related to facts in the training data MA:NZG

* Predykcja — tatwiejsza dla uzasadnienia

* Lepsza integracja z tzw. Background knowledge -
* Knowledge representations in Al / Intelligent Systems ' i
» Expert systems, Inference in IS E?:Zﬂi?ﬁe

« Ogodlna idea — indukcja bezposrednio z przyktadow (lecz wiecej
algorytmow niz dla drzew)

R. Michalski |.Bratko: Machine Learning and Data Mining.; W.Klosgen, J.Zytkow: Handbook of Data Mining
and Knowledge Disc; J.Stefanowski: Algorytmy indukcji regut decyzyjnych; C.Aggarwal: Data Classification 2015.
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6/27/06 R.S. Michalski gives a banquet address at the International Conference on Machine Learning, to celebrate the return of the conference to Carnegie-Mel
after 26 years since the very first conference was organized there by Carbonell, Michalski and Mitchell

Articles in Mason Gazette:

7/31/07 New Center to Help Investigators Discover New Knowledge in Medical Databases
3/12/03 University Wins 10th Patent for Machine Learning Invention
11/19/02 Spotlight on Research: Grants Support Machine Learning and Inference Research

7/27/00 Michalski Receives Prestigious Science Honor

Interests

Research areas:
Machine Learning, Data Mining and Knowledge Discovery, Inductive Databases and Knowledge Scouts, Non-Darwinian Evelutionary Computation and Plausit
applications of these areas to Bioinformatics, Medicine, User Modeling, Intrusion Detfection, and Very Complex System Design.




Reguty - przyktad

« Standardowa forma reprezentac;i
IF Conditions THEN Class

 Inne: Class IF Conditions; Conditions — Class

Outlook Temper. Humid.  Windy Play?
sunny hot high false No
sunny hot high true No
overcast  hot high false Yes
rain mild high false Yes
rain cool normal  false Yes
rain cool normal  true No
overcast  cool normal  true Yes
sunny mild high false No
sunny cool normal false Yes
rain mild normal  false Yes
sunny mild normal  true Yes
overcast  mild high true Yes
overcast  hot normal  false Yes
rain mild high true No

Przyklad: reguty dla zbioru PlaySport:
if outlook = overcast then Play = yes

if temperature = mild and humidity = normal then Play = yes

if outlook = rainy and windy = FALSE then Play = yes

if humidity = normal and windy = FALSE then Play = yes

if outlook = sunny and humidity = high then Play = no

if outlook = rainy and windy = TRUE then Play = no



Decision Boundaries — interpretacje graficzne

if A and B then pos
if Cand D then pos



Doktadniej o pokryciu regutami

e Instances x; In dataset D mapped to feature

Sspace:
% . 0 0O o| ¢ Reguty pokrywajg pod-
§ Y5----X¥ 0 1 x X zbior przyktadow
O 101 o ! o
1= =11 [ O i g
x:gll‘qi?“%%oo ke « Rules are local
X=X =g o XX atterns!
xX x X X520-O X P

decision i)oundary
Classes assoclated with instances: X,
e Classification:
f(x;) =ce{X, 0}
— WwWith z; ; € {T, L}, and f classiTier
— dataset D Is a multiset

e Objective: learn [ (supervised)



Reguty — troche notacji

* Arule corresponding to class K; is represented as
if P then Q

where P = w, and w, and ... and w,, is a condition
part and Q is a decision part (object x satisfying P is
assigned to class K))

» Elementary condition w; (a rel v), where a€A and v
s its value (or a set of values) and rel stands for an
operatoras =<, s, =, >.

* [P]is a cover of a condition part of a rule — a subset
of examples satisfying P.

« jf(a2 =small) and (a3 =< 2) then (d =C1) {x1,x7}



Oczekiwania wobec regut

B — a set of examples from K.

A rule if P then Q is discriminant in DT iff
[PI=(] [w]C B,

otherwise (PNB=Y) the rule is partly discriminating
« Rule accuracy (or confidence) |[PNK]|/|[P]]

Rule cannot not have a redundant condition part,
l.e. there is no other P*C P such that [P*] C B.

Rule sets induced from DT
« Minimal set of rules

» Other sets of rules (all rules, satisfactory]



Przyktady zbiorow regut

Minimal set of rules

 jf(a2=-s) A (a3 < 2) then (d = C1)
{x1,x7}

 jf(a2=n) A (a4 = c) then (d = C1)
{x3,x4}

+ if(a2 =w)then (d=C2) {x2,x6)

. if(a1="f) A (a4 = a) then (d = C2)
{x5,x8}

Partly discriminating rule:

« Jjf(a7=m) then (d=C1)
{x1,x3,x7 | x6} 3/4

id.

Cl

C2

Cl

Cl

C2

C2

Cl

C2




Jak poszukiwac regut?

Typowo — sekwencyjne pokrywania — minimalny zbior regut:

. np., AQ, CN2, LEM, PRISM, MODLEM, Inne — PVM, R1 lub
RIPPER).

Poszukiwanie innych zbiorow regut

« Satisfying some requirements (Explore, BRUTE, or modification
of association rules, ,Apriori-like”).

« Based on local ,reducts” — boolean reasoning or LDA.

Klasyfikatory genetyczne

Transformcije:
e Trees — rules.

» Construction of (fuzzy) rules from ANN.



Ogolne spojrzenia na popularne algorytmy e

multiclass set of rules
training set (ordered of unordered)

ueranvely select
LEARNRULEBAS a target class for
concept learning -
pOSItlv concept leaming tasks
negatwe set of rules M
examples for the target
class
FEATURECONSTRUCTION iteratively start
induction of single
rules,

accept rules as long

ARN TOFRULES as high-quality rules
LE SE can be constructed,

ry and appropriately

relevant
set of

features reduce the set of
reduced uncovered examples
set of :
examples BestRule =
H— B

iteratively add

features to the rufe
LEARNONERULE body as long as rule

quality increases

Given

= Data (set of learning examples) +
hypotheses description language

Find a hypothesis in a form of a rule
set, which is

= Complete, i.e. covers all or a subset of
learning examples

= Consistent, i.e. predicts the correct
class for all examples

» Search space, search strategy
» Rule quality measure
= Acceptance/stopping conditions

= Making prediction decisions



Problem indukcji regut jako opisu pojec

Wejscie:

« Data (set of learning examples) + hypotheses description
language

Znajdz

A hypothesis in a form of rule set R which is

« Complete, i.e. covers all the examples

« Consistent, i.e. predicts the correct class for all examples

Uwagal1 — Rozwigzanie optymalne - kosztowne!

UwagaZ2 — dla rzeczywistych, niedoskonatnych danych
uczgcych -> ostabienie wymagan



Indukcja regut metodg generowania kolejnych pokryc

Sequential covering (Xj klasa; A atrybuty; E przyktady, t prog akceptaciji);
begin
R :=;  {zbior poszukiwanych regut}
r := learn-one-rule(klasa Xj; atrybuty A; przyktady E)
while zbior E niepusty and evaluate(r,E) > t do
begin
R = RUr,
E = E\[R]; {usun przyktady pozytywne pokryte przez R}
r := learn-one-rule(klasa Xj; atrybuty A; przyktady E);
end;
return R

end.

* Funkcja learn-one-rule dla danego zbioru przyktadow znajduje jedng
regute pokrywajgcg mozliwie jak najwigcej przyktadow pozytywnych i jak

najmniej negatywnych.



Przyktad -Learning One Rule

function LearnOneRule(Target, Attrs, Examples):

NewRule := “IF true THEN Class-pos”

NewRuleNeg := Neg

while NewRuleNeg not empty, do

// add a new elementary condition to the rule

Candidates := generate candidate conditions L
Best_cond := argmax cc.nqigates PEFfOrmance(Specialise(NewRule, L))
NewRule := Specialise(NewRule, Best_cond)
NewRuleNeg := {x&Neg | x covered by NewRule}

return NewRule

function Specialise(Rule, L):
let Rule = “IF conditions THEN pos”
return “IF conditions and L THEN pos”

Look for one rule that has
High accuracy When it predicts something, it should be correct
Any coverage Does not make a prediction for all examples, just for some of them



The contact lenses data — alg. PRISM ‘

Age Spectacle prescription Astigmatism Tear production rate Recommended
lenses
Young Myope No Reduced None
Young Myope No Normal Soft
Young Myope Yes Reduced None
Young Myope Yes Normal Hard
Young Hypermetrope No Reduced None
Young Hypermetrope No Normal Soft
Young Hypermetrope Yes Reduced None
Young Hypermetrope Yes Normal hard
Pre-presbyopic Myope No Reduced None
Pre-presbyopic Myope No Normal Soft
Pre-presbyopic Myope Yes Reduced None
Pre-presbyopic Myope Yes Normal Hard
Pre-presbyopic Hypermetrope No Reduced None
Pre-presbyopic Hypermetrope No Normal Soft
Pre-presbyopic Hypermetrope Yes Reduced None
Pre-presbyopic Hypermetrope Yes Normal None
Presbyopic Myope No Reduced None
Presbyopic Myope No Normal None
Presbyopic Myope Yes Reduced None
Presbyopic Myope Yes Normal Hard
Presbyopic Hypermetrope No Reduced None
Presbyopic Hypermetrope No Normal Soft
Presbyopic Hypermetrope Yes Reduced None
Presbyopic Hypermetrope Yes Normal None




Przyktad: contact lens data 2

Rule we seek: I£ ?

then recommendation = hard

Possible conditions:

Age = Young

Age = Pre-presbyopic
Age = Presbyopic
Spectacle prescription
Spectacle prescription
Astigmatism = no
Astigmatism = yes

Tear production rate =

Tear production rate =

ACK: slides coming from witten&eibe WEKA

Myope

= Hypermetrope

Reduced

Normal

2/8

1/8

1/8

3/12
1/12
0/12
4/12
0/12
4/12



Specjalizacja koniunkgcji

Condition part of the rule with the best elementary
condition added:

If astigmatism = yes
then recommendation = hard

Examples covered by condition part:

Age Spectacle prescription  Astigmatism Tear production rate  Recommended
lenses

Young Myope Yes Reduced None
Young Myope Yes Normal Hard
Young Hypermetrope Yes Reduced None
Young Hypermetrope Yes Normal hard
Pre-presbyopic Myope Yes Reduced None
Pre-presbyopic Myope Yes Normal Hard
Pre-presbyopic Hypermetrope Yes Reduced None
Pre-presbyopic Hypermetrope Yes Normal None
Presbyopic Myope Yes Reduced None
Presbyopic Myope Yes Normal Hard
Presbyopic Hypermetrope Yes Reduced None
Presbyopic Hypermetrope Yes Normal None




Dalsza specjalizacja, 2

* Current state: 1f astigmatism = yes
and °?
then recommendation = hard

 Possible conditions:

Age = Young 2/4
Age = Pre-presbyopic 1/4
Age = Presbyopic 1/4
Spectacle prescription = Myope 3/6
Spectacle prescription = Hypermetrope 1/6
Tear production rate = Reduced 0/6

Tear production rate = Normal 4/6



Dwa warunki elementarne

The rule with the next best condition added:

If astigmatism = yes

and tear production rate = normal
then recommendation = hard

Examples covered by modified rule:

Age Spectacle prescription  Astigmatism Tear production rate Recommended
lenses

Young Myope Yes Normal Hard

Young Hypermetrope Yes Normal hard
Pre-presbyopic Myope Yes Normal Hard
Pre-presbyopic Hypermetrope Yes Normal None
Presbyopic Myope Yes Normal Hard
Presbyopic Hypermetrope Yes Normal None




Kolejny wybor warunku, 4

 Current state:

If astigmatism = yes
and tear production rate = normal
and ?
then recommendation = hard

« Possible conditions:

Age = Young 2/2
Age = Pre-presbyopic 1/2
Age = Presbyopic 1/2
Spectacle prescription = Myope 3/3
Spectacle prescription = Hypermetrope 1/3

 Tie between the first and the fourth test

 We choose the one with greater coverage



Znaleziona reguta

o Final rule: If astigmatism = yes
and tear production rate = normal
and spectacle prescription = myope
then recommendation = hard

« Second rule for recommending “hard lenses”:
(built from instances not covered by first rule)

If age = young and astigmatism = yes
and tear production rate = normal
then recommendation = hard

« These two rules cover all “hard lenses”:

 Process is repeated with other two classes

Thnaks to witten&eibe



Reguty z PRISM dla wszystkich klas

1. If astigmatism = no 6. If tear-prod-rate = reduced then none
and tear-prod-rate = normal 7. If age = presbyopic
and spectacle-prescrip = hypermetrope and tear-prod-rate = normal
then soft and spectacle-prescrip = myope
2. If astigmatism = no and astigmatism = no then none
and tear-prod-rate = normal 8. If spectacle-prescrip = hypermetrope
and age = young then soft and astigmatism = yes
3. It age = pre-presbyopic and age = pre-presbyopic then none
and astigmatism = no 9. If age = presbyopic
and tear-prod-rate = normal then soft and spectacle-prescrip = hypermetrope
4. It astigmatism = yes and astigmatism = yes then none

and tear-prod-rate = normal

and spectacle-prescrip = myope then
hard

5. If age = young
and astigmatism = yes
and tear-prod-rate = normal then hard



Ocena kandydatow w funkcji ,Learning One Rule”

 When is a candidate for a rule R treated as “good™?
» High accuracy P(K|R);
« High coverage |[P]l = n.

 Possible evaluation functions: ng(R)

+ Relative frequency: n(R)

* where n, is the number of correctly classified examples form
class K, and n is the number of examples covered by the rule —
problems with small samples;

 Laplace estimate: ng(R)+1
Good for uniform prior distribution of k classes n(R)+k

* m-estimate of accuracy: (n, (R)+mp)/(n(R)+m),

where n, is the number of correctly classified examples, n is the
number of examples covered by the rule, p is the prior probablity of
the class predicted by the rule, and m is the weight of p (domain
dependent — more noise / larger m).



Inne funkcje oceny reguty R i klasy K

Assume rule R specialized to rule R’

« Entropy (Information gain and others versions).

« Accuracy gain (increase in expected accuracy)
P(K|R") — P(K|R)

 Many others

« Also weighted functions, e.qg.

WAG(R',R) = ’;K ((1;)) (P(K|R) = P(K|R))
K

WIG(R R =& ((fe)) (logy(K | R') - log, (K | R)
K



Samodzielne zdania (LEMZ2 albo PRISM)

 Poszukaj sam regut dla kazdego pojecia {+,-}

Zbior przylkdadow uczacych - JR. Quinlan

=
o

.| Height Hair Eyes |Atiractiveness
short blond  blue +
tall  blond brown
tall red blue +
short dark  blue
tall dark  blue
tall blond blue +
tall dark brown
short blond brown

CoO ~ O o B b




Zbior regut z alg. LEMZ2:

r1: (Hair=Dark) (Attractiveness,-)
Pokryte przyktady {4,5,7}

r2: (Hair=Red) (Attractiveness,+)
Pokryte przyktady{3}

r3: (Hair=Blond)(Eyes=Blue) (Attractiveness,+)
Pokryte przyktady {1,6}

r4: (Hair=blond)(Eyes=Brown) (Attractiveness,-)

Pokryte przyktady {2,8}



MODLEM - algorytm indukcji regut

MODLEM [Stefanowski 98] — minimalny zbior regutl.
Ocena warunkow elementarnych — entropia.

Niespojne dane — zbiory przyblizone (rough sets) — przyblizenia klas decyzyjnych —
indukcja pewnych 1 mozliwych regut.

Przetwarzanie atrybutow nominalnych i liczbowych.
W potaczeniu ze strategiami klasyfikacyjnymi — skuteczny klasyfikator

» Dopasowanie opisu obiektu do cz¢sci warunkowych.

* Niejednoznacznosci — decyzja wigkszosciowa

obj.al a2 a3 a4 D

x1 m 20 1 a C1 if(al=m)and (a2 <2.6) then (D =C1) {x1,x3,x7}
x2 f 25 1 b C2 if(a2&€[1.45,2.4]) and (a3 <2) then (D =C1)
x3 m 15 3 ¢ C1 {x1,x4,x7}

x4 f 23 2 ¢ C1 if(a2=24)then(D=C2) {x2,x6}

x5 f 14 2 a C2 if(al=f)and (a2 <2.15) then (D=C2) {x5,x8}
X6 m 32 2 ¢ C2

X' m 19 2 b C1

x8 f 20 3 a C2



Przyktad dla MODLEM-a (1) g

-

No. | Age | Job [ Period |Income |Purpose| Dec.
1 m u 0 500 K r
2 Ssr p 2 1400 S r
3 m p 4 2600 M d
4 st p 16 2300 D d
5 sr p 14 1600 M P
6 m u 0 700 W r
7 sr b 0 600 D r
8 m p 3 1400 D p
9 sr p 11 1600 W d
10 st e 0 1100 D p
11 m u 0 1500 D p
12 | m b 0 1000 M r
13 sr p 17 2500 S p
14 | m b 0 700 D r
15 | st p 21 5000 S d
16 | m p 5 3700 M d
17 | m b 0 800 K r

Class (Decision =r)
E={1,2,6,7,12,14, 17}
List of candidates

(Age=m) {1,6,12,14,17+; 3,8,11,16-}
(Age=sr) {2,7+; 5,9,13-}

(Job=u) {1,6+; 11}
(Job=p) {2+, 3,4,8,9,13,15,16-)
(Job=b) {7,12,14,17+; &)

(Pur=K) {1,17+; &}
(Pur=S) {2+;13,15-}
{Pur=W} {6+, 9-}

{Pur=D} {7,14+; 4,8,10,11-}
{Pur=M} {12+;5,16-}



MODLEM (2)

« Numerical attributes: Income

500 600 700 800 1000 | 1100 | 1400 | 1500 1600 2300 2500 2600 3700 5000
1+ 7+ 6+ 17+ 12+ 10- | 2+ | 1- 9 4- 13- 3- 10- 15-
14+ o -

(Income <1050) {1,6,7,12,14,17+;J}
(Income < 1250) {1,6,7,12,14,17+;10-}

(Income < 1450) {1,2,6,7,12,14,17+;8,10-}

Period

(Period < 1) {1,6,7,14,17+:10,11-)
(Period < 2.5) {1,2,6,7,12,14,17+:10,11-}



MODLEM (3) — minimalny zbior regut

if (Income<1050) then (Dec=r) [06]
iIf (Age=sr) and (Period<2.5) then (Dec=r) [2]
if (Period€[3.5,12.5)) then (Dec=d) [2]
« if (Age=st) and (Job=p) then (Dec=d) [3]
if (Age=m) and (Income&[1050,2550)) then (Dec=p) [2]
if (Job=e) then (Dec=p) [1]
« if (Age=sr) and (Period=12.5) then (Dec=p) [2]
 Niespojne (sprzeczne dane):
« Przyblizenia klas decyzyjnych (rough sets)

« ,Rule post-processing (a kind of post-pruning) or extra testing
and earlier acceptance of rules” — czesciej stosowane.



Mushroom data (UCI Repository)

Mushroom records drawn from The Audubon Society Field
Guide to North American Mushrooms (1981).

This data set includes descriptions of hypothetical samples
corresponding to 23 species of mushrooms in the Agaricus and
Lepiota Family. Each species is identified as definitely edible,
definitely poisonous, or of unknown edibility.

Number of examples: 8124.
Number of attributes: 22 (all nominally valued)
Missing attribute values: 2480 of them.
Class Distribution:
-- edible: 4208 (51.8%)
-- poisonous: 3916 (48.2%)



MOLDEM rule set (Implemented in WEKA)

=== Classifier model (full training set) ===

Rule 1.(odor is in: {n, a, I})&(spore-print-color is in: {n, k, b, h, o, u, y, w})&(qill-size = b)
=> (class = e); [3920, 3920, 93.16%, 100%)]

Rule 2.(odor is in: {n, a, I})&(spore-print-color is in: {n, h, k, u}) => (class = e); [3488,
3488, 82.89%, 100%]

Rul$o% /glll spacing = w)&(cap-color is in: {c, n}) => (class = e); [304, 304, 7.22%,

Rule 4.(spore-print-color = r) => (class = p); [72, 72, 1.84%, 100%]

RuI1e05dg/sitalk-surface-below-ring = y)&(gill-size = n) => (class = p); [40, 40, 1.02%,
(0]

Rule 6.(odor = n)&(qill-size = n)&(bruises? = t) => (class = p); [8, 8, 0.2%, 100%]
Rule 7.(odor is in: {f, s, y, p, ¢, m}) => (class = p); [3796, 3796, 96.94%, 100%]

Number of rules: 7
Number of conditions: 14



Analiza diagnostycznej bazy danych

* Bada sie stan techniczny 76 autobusow tego samego typu
(doktadnie ich silnikow) na podstawie symptomow stanu
technicznego - parametrow pochodzacych z okresowych

badan diagnostycznych

* Autobusy sg podzielone na dwie klasy: dobry i zty stan
techniczny pojazdu

 Cel analizy

* Ocenia sie jakosc diagnostyczng symptomow stanu
technicznego

* Poszukuje sie zaleznosci pomiedzy wartosciami
najistotniejszych w tych symptomow a przydziatem do klas

» Konstruuje sie klasyfikator stanu technicznego



Rozwazane symptomy

S1 — predkos¢ maksymalna [km/h],

S2 — cisnienie sprezania [Mpa],

s3 — zawartos¢ elementéw smotowatych w spalinach wylotowych [%],
S4 — moment obrotowy silnika [Nm],

s5 — letnie zuzycie paliwa [I/100Im],

S6 — zimowe zuzycie paliwa [I/100km],

S7 — zuzycie oleju [I/1000km],

S8 — aktualna moc silnika [KM].

Dwie klasy decyzyjne:
1. Autobusy z silnikami w dobrym stanie — dalsza eksploatacja (46),

2. Autobusy z silnikami w ztym stanie — koniecznosc¢ napraw (30).



Minimalny zbior regut klasyfikujgcych

1. 1f (s222.4 MPa) & (s7<2.1 [/1000km) then
(technical state=good) [40]

2. If (s2<2.4 MPa) then (technical state=bad) [29]
3. if (s7=2.1 /1000km) then (technical state=bad) [24]

Oszacowana trafnosc klasyfikowania
(‘leaving one out’ test) 98.7%.



Poszukiwanie zbioru regut silnych

Prog satysfakciji (51%):

1. if (s7>85 km/h) then (technical state=good) [34]

if (s8>134 kM) then (technical state=good) [26]

if (s2=2.4 MPa) & (s3<61 %) then (technical state=good) [44]

if (s2=2.4 MPa) & (s4>444 Nm) then (technical state=good) [44]

if (s2=2.4 MPa) & (s7<2.1 [/1000km) then (technical state=good) [46]
if (s3<61 %) & (s4>444 Nm) then (technical state=good) [42]

if (s7<77 km/h) then (technical state=bad) [25]

if (s2<2.4 MPa) then (technical state=bad) [29]

© © N o a0 s~ 0O Db

if (s7=2.1 //1000km) then (technical state=bad) [24]
10. if (s3=61 %) & (s4<444 Nm) then (technical state=bad) [28]
11. if (s3°61 %) & (s8<120 kM) then (technical state=bad) [27]



Czy zawsze kompletny | doktadny zbior regut?

* Nie zawsze, zalezy od przyktadow oraz dgzenia do
mniejszego zbioru regut — ostabienie warynkow
completeness and consistency

(1) Original Data

---------

________

(lv) Step 3



Unikaj przeuczenia

Lt Lt
+ - +
+ o+t ®++
E e
+ + t o+
T+ o+ t+ o+

* R nie pokrywa wszystkich przyktadow pozytywnych

* Pojedyncza reguta r moze pokrywac ograniczong
liczbe przyktadow negatywnych



Znane techniki upraszczania zbioru regut

 Bias the learning towards simple concept descriptions

 a short rule that covers many positive examples (but
possibly also a few negatives) is often better than a long
rule that covers only a few positive examples

* Pre-pruning: stop learning the decision rules before they
reach the point where they too ,perfectly re-classify” the
training data

* Post-pruning: allow the rules to overfit the training data
(induce complete and ,consistent” set of rules), and then
post-prune the rules



Pre-pruning

Ogolna idea

« decide when to stop
adding conditions to a
rule (relax consistency

Rule set with three rules
a 3, 2, and 2 conditions

constraint) e
- ™ :
 decide when to stop C )~ ) () (D
adding rules to a rule Ve () A
set (relax completeness !
ConStraint) (d_[ ________ / : [; : |
Computationally efficient \\

but less accurate Pre-pruning decisions




Przyktad z MODLEM

Majority class in pre-pruning, Min_supp in post-pruning

Preprocess‘ Classify ‘Clus‘ter Associate
[ Classifier

Test options

O Use training set
(O Supplied test set
(%) Cross-validation  Folds

O Percentage splt

[ More options...

U

(Mom) evaluation:

Start
Result list (right-click for options)
14:25:41 - rules Modlem
14:29:27 - rules Modlem
14:29:57 - rules.JRip

14:30:21 - rules.JRip
14:30:42 - rules PART

14:31:20 - rules Modlem

Select attributes || Visualize

<

Classifier output
~

=== (Classifier model (full training set) ===
Rule 1. (Status: is in: {no-account, owver-2Z00DM})s&(Purpose: is in: {radio-tv, used-car, furniture, domestic-apy
Rule 2. (5tatus: = no-account)s&(Credit: < 4146)&(Age: >= 32.5)&(Liable-people: < l.5)&(Installments: = none) =
Rule 3. (Credit-history: is in: {critical, delay})&({Job: = management)s&(Purpose: is in: {used-car, others}) =>
Rule 4. (Duration: < 15.5)&(Job: = management)&(Age: < 31.5) => (ewvaluation: = good); [S, 5, 1.09%, 100%]
Rule 5. (Savings-account: is in: {lessl00DM, 1§88 G :cObiectEdi
Rule 6. (Credit-history: is in: {critical, del weka.gm. =l=nie bJECt itor
Rule 7. (Savings-account: is in: {lesslO00DM, 1§ weka.classifiers.rules Modlem =l ,
Rule §. (Purpose: is in: {new-car, education, About P
Rule 9. (Purpose: is in: {new-car, education, [eve
Rule 10. (Purpose: is in: {new-car, education, Class for building and using a MODLEM rule set for rati
Rule 1ll.(Savings-account: is in: {lessl100DM, classification. sinc
Rule 12. (Savings-account: is in: {lessl00DM, <]
Rule 13.(Savings-account: is in: {lessl0O0DM, classificationStrategy ’Neares’t rules V] ior
Rule 14. (Purpose: = new-car)&(Property: = rea ior

. A debug lFaIse V‘ .
Rule 15. (Savings-account: is in: {lesslO00DM, aini
Rule 1l6. (Purpose: is in: {radio-tv, business, forwardPrunningCoefficient |1_0 ] Irant
Rule 17. (Purpose: is in: {radio-twv, business, in:
Rule 18. (Employment: is in: {sewven-years, ove postPruningType lCIass depending approach v] =1
Rule 19. (Savings-account: is in: {lesslO00DM, . » isec
Rule 20.(Purpose: is in: {business, radio-tw, postPrunningCoefficient lU'U ‘ 3) &1
Rule 21.(Empl t: = - Status: 1 :
uLe (Euploynen ene-year)(sta u§ 13 postPrunningOnlyGreaterClasses ’False v‘ 13
Rule 22. (Employment: = one-year)&(Duration: > , 0.
Rule 23. (Purpose: is in: {business, radio-tv, rulesType lpossible rules v‘ =>
Rule 24. (Residence-time: < l.5)&(Credit: is i | 3
Rule 25. (Employment: is in: {sewven-years, fou selectionCriterion !EMropv measure V‘ -car
Rule 26. (Savings-account: is in: {lessl00DHM, lome
Rule 27.(Savings-account: = lessl00DM)&(Credi [ Open... ] [ Save... ] [ OK ] [ Cancel ] >=
Rule 28.(3avings-account: = lesleDDH]&(Credimmﬂv
= . 2 | Soonar o L . - e e ...).,




Post-pruning — rézne mozliwosci

(~—C0 O OO
M- MDD D D
(- OO O-—( O O
N1 DD . O—(O O
i O—0O O
(= O QYD
MM --—N D

D . Literals ... Post—Ptuning Decisions ... Pte—Ptuhing Decisions

« Delete conditions (any, last, worse)
* Delete a rule or other pruning operators

Lecz — jakie kryteria oceny | heurystyki redukcji kosztow
obliczeniowych



Post-Pruning (REP)

1. Split all training examples into Growing (validation) Set (2/3) and
Pruning Set (1/3

2. ée?rn a complete and consistent set SR of rules using Growing
et

3. Find the best simplification BSR of SR.

4. while (Accuracy(BSR,Pruning Set) > Accuracy(SR, Pruning Set)) do
4.1 SR = BSR;

4.2 Find the best simplification BSR of SR.

5. return BSR;

REP has a time complexity of O(n4) + inital rule induction of O(n?);
alternative concept of generalization in GROW — more accurate but still

costly



RIPPER

1. IREP* is used to obtain a rule set
Rule optimization takes place

IREP* is used to cover remaining positive
examples

- Repeated Incremental Pruning to Produce
Error Reduction

Fast Effective Rule Induction: William W. Cohen

Important — rules re-ordered in a special multiclass list



Klasyfikowanie nowych obiektow

. Dopasowanie obiektu do czesci warunkowej reguty — petne
VS. czesciowe.

. Klasyfikowanie za pomocg uporzgdkowanego zbioru regut
- wykorzystanie listy decyzyjnej (obecnosc¢ reguty
domysinej).

. Klasyfikowanie obiektu za pomocg nieuporzgdkowanego
zbioru regut:

« Czesc¢ warunkowa doktadnie jednej reguty jest catkowicie
dopasowana do obiektu, ktory jest zaklasyfikowany do
klasy wskazywanej przez te regute.

« Czesc¢ warunkowa wiecej niz jednej reguty jest catkowicie
dopasowana do opisu obiektu.

. Czes¢ warunkowa zadnej reguty nie jest dopasowana do
obiektu.



Priority decision list (C4.5 rules)

Data Tree Rules Cross-validation Special Help Rule 1: [95.4%]
IF physician fee freeze = n
4 o —
B| & 2 ’ =3 ‘ @ THEN democrat
Before pruning After pruningfRule 2: [94.7%]
IF nx missile = y
Tree |[Size |Errors Errors (test) |Size |Errors AND synfuels corporation cutback = y

THEN democrat

2 28 7 2.6%) 2 { 6.7%) 7 13  [Rule 3: [63.0%]
IF physician fee freeze = u
3 16 9 { 3.3%) 0 0.0%) 713 AND mx missile = n
THEN dewmocrat
4 25 5 1.9%) 20 6.7%) 4 1z |
5 22 7 2.6%) 3 { 10.0%) 7 11 ¢ JRule 4: [94.0%]
IF physician fee freeze = y
6 19 9 { 3.3%) 20 6.7%) 7 11§ AND  immigration = y
THEN republican
7 28 70 2.6%) 20 6.7%) 713 |
8 22 7 2.6%) 3 ( 10.0%) 7 | 1z ( JRule S: [9l.2%]
IF physician fee freeze = ¥ (cjik here to show confusion matrixes
9 16 8 ( 3.0%) 3 { 10.0%) 4 1z AND mx missile = n
THEN republican
10 25 6 2.2%) 4 | 13.3%) 710
Avg. 21.7 7.3 ( 2.7%) 2.2 { 7.3%) 6.4 1l.9 ( [Rule 6: [82.0%]
IF adoption of the budget resolution = n

AND education spending = u

D alidatio : L] THEN republican
Ruleset|Size |Errors Errors (test) |& Rule 7: [50.0%]
IF physician fee freeze = u
AND nx missile = u
2 5 10 ( 3.7%) 1{ 3.3%) THEN republican
3 3 A Aads) i Default class: democrat
4 4 10§ 3.7%) 3 ( 10.0%)
Errors in training set: 11 (3.7%)
5 5 9 ( 3.3%) 2 ( 6.7%) | Errors in test set: 6 (4.4%)
6 4 11 | 4.1%) 20 6.7%) ]
7 5 11 | 4.1%) 0 0.0%) . : : : =~
8 5 10 ¢ 3.7%) 1 3.3%) Org. A C45 |democrat |republican
9 2 12 { 4.4%) 3 ( 10.0%) democrat 18 1
10 3 11 | 4.1%) 20 6.7%) | I e 1




Klasyfikacja z listg uporzadowanych regut

* Rules are rank ordered according to their priority

 An ordered rule set is known as a decision list

 When a test record is presented to the classifier

» Itis assigned to the class label of the highest ranked rule which
has matched

» If none of the rules fired, it is assigned to the default class

R1: (Give Birth = no) A (Can Fly = yes) — Birds

R2: (Give Birth = no) a (Live in Water = yes) — Fishes

R3: (Give Birth = yes) A (Blood Type = warm) — Mammals
R4: (Give Birth = no) A (Can Fly = no) — Reptiles

R5: (

. (Live in Water = sometimes) — Amphibians

\ A 4

Name Blood Type Give Birth Can Fly |Live in Water Class
turtle cold no no sometimes ?




Specific list of rules - RIPPER (Mushroom data

=2 3 et S i rTrITr I T rTItrTYT

Prcpr] Clazeify 5CIuslu'4 Azsaociate

pEzzsizieaes lodor = £) => class=p (2160.0/0.0)
.ﬁp-FS-N2.0.02-S1 |gill-=s1ze = n| end (gill-colox = b)) => claess=p (115Z.0/0.0)
3 |gill-size = n| and (odor = p) == class=p (256.0/0.0]|
Test aptions |odoe = ¢) => clees=p (192.0/0.0)
) Use training et |spore-print-color = r) => cless=p (7Z.0s0.0)
: |stalk—sarface-abpwve—-ring = k) end (gill-spacing = c| => claaa=-p (6B.0/0.0)
O Suppdied test aet |habitat = 1) and (cap-calor = w) => class=p (S.0/0.0)

{3 Croee-vdlidstion Fokie {10 Mj |stalk-color-above-ring = ¥| => clasa=p (B.0/0.0)
— => class=e |420B.0/0.0)

O Percentage spilt
[ More pptlans... ] Hunber of Bulea : 9
v
(HONY Csss Tine taken to build model: 4.11 secanda
l Dart J
=== Stratified cross—validatipn ===

f RBSUII ISI (I’IIJM—DICK TG’ mlons] 1 === Suma]’_‘y ===

20:12:29 rles . JRio

Corecectly Classified Inatances glLza 100 *
Incorrectly Classirfied Instances
Kappn statiatic

Hean absolute ercor

RooC mean jquared error
Relntive abaoclute error

Root relative sgquered error
Total Bhaber of Instammces alLZg

Oooo oo

=== Detalled Accutacy By Class ===
TP Rats FP Rate Precision Recall F-Measure Cla=s
0 1 1 1 e
L 0 1 1 1 P

=== Confusion HabttixX ===

B b <-- rlassiried as
42DB o | B -
Stadus 0D 3916 | h=n

O




CNZ2 — unordered rule set

=[]

==& ? Z’ IUnordered LI ILaplacian Ll IUnset LI |5 IUUS O |1U IU

- [=]x]

Reading attributes and examples...
4908 examples?
Finished reading attribute and example file?
Running CN on current example set...
Finished inducing rules?
e N @ Lister - [c:\Usr\Jurek\students\CichyCN2\Cn2\Exe\Examples\crx.aex]
| UN-ORDERED RULE LIST | Plik  Edytuj Opcje Pomoc
Fm e — * *»*ATTRIBUTE AND EXAMPLE FILE»x
IF A8 < 108.75 A1: B A;
AND A9 =T A2: (FLOAT)
AND 5.56 < A11 < 18.580 A3: (FLOAT)
THEN DECISION = ¥ [68 0] A4: U Y L;
A5: G P GG;
IF A15 > 5676.00 A6: WQ MRCCKCDIXTIERAAFF J;
THEN DECISION = ¥ [19 6] A7: U H BB FF J 2 0 DD N;
A8: (FLODAT)
IF A2 > 19.068 A9: T F;
AND A4 = U A18: T F;
AND A8 < 11.75 A11: (FLOAT)
AND A9 =T A12: F T;
AND A14 < 91.080 A13: G S P;
THEN DECISION = ¥ [67.50 8] A14: (FLOAT)
A15: (FLOAT)
IF A3 > 1.79 DECISION: ¥ N;
AND A9 =T
AND A15 > 241.58 @
THEN DECISION = ¥ [88 0]
B38.83 BUGWU1.25TT1FG 282 8 Y;
IF A6 = X AS58.67 4.4 UG QH3.04TTG6FG 43 560 Y;
AND 1.33 < A8 < 7.88 A24.50 5 UGQH1.5TF BF G 280 824 ¥;
THEN DECISION = ¥ [11 8] B27.83 1.5 0UGWU3.75TTS5TG 1608 3 Y;
B28.17 5.625 UG WUVU1.71 TF 8F S 120 8 ¥;
IF A2 < 26.08 B32.88 4 UGMU2.5TF BTG 360 08 Y;
AND A9 =T B33.17 1.4 UGRHG6.5TF 8 TG 164 31285 ¥;
AND 28.0808 < A14 < 1086.00 A22.92 11.585 UGCC U .64 TF 6F G 80 1349 ¥;
THEN DECISION = ¥ [32.50 8] B54.42 5 YPKHB3.96TF O06F G 180 314 ¥;
B 42.50 4.915 Y P WU 3.165 TF 6T G 52 1442 ¥;
IF ﬂs>12_75 J')')MQIIDPU')-{AECE“TP-{')W-
AND A14 < 187.00
THEN DECISION = ¥ [12 8] 7




Uzycie nieuporzgdkowanych regut (no list)

* An unordered set of rules — three situations:
* Matching to rules indicating the same class.
« Multiple matching to rules from different classes.
* No matching to any rule.
 An example:
+ el1={(Age=m), (Job=p),(Period=6),(Income=3000),(Purpose=K)}
 rule 3: if (Period€[3.5,12.5)) then (Dec=d) [2]
« Exact matching to rule 3. — Class (Dec=d)
« e2={(Age=m), (Job=p),(Period=2),(Income=2600),(Purpose=M)}

* No matching!




Rozwigzywanie konfliktowych sytuacii

* Przyktad LERS classification strategy (Grzymala)

* Multiple matching

» Two factors: Strength(R) — number of learning examples
correctly classified by R and final class Support(Y1):

Ematching rulesR for Yi Str engt h(R)

» Partial matching

. Matchin§ factor MF(R) and
partially match. rulesR for Yi

MF'(R)- Strength(R)
« e2={(Age=m), (Job=p), (Period=2),(Income=2600),(Purpose=M)}

» Partial matching to rules 2 , 4 and 5 for all with MF = 0.5

« Support(r) = 0.5-2 =1 ; Support(d) = 0.5-2+0.5-2=2
« Alternative approaches — e.g. nearest rules (Stefanowski)

Instead of MF use a kind of normalized distance x to conditions of r



Ocena eksperymentalna LERS

* Analysing strategies (total accuracy in [%]):

data set all multiple exact
large soybean 87.9 85.7 79.2
election 89.4 79.5 71.8
hsv2 771 70.5 59.8
concretes 88.9 82.8 81.0
breast cancer 67.1 59.3 51.2
imidasolium 53.3 44.8 34.4
lymphograpy 85.2 73.6 67.6
oncology 83.8 82.4 74.1
buses 98.0 93.5 90.8
bearings 96.4 90.9 87.3

« Comparing to other classification approaches
 Depends on the data

« Generally — similar to decision trees



Ksigzki

Johannes Fiirnkranz
Dragan Gamberger
Nada Lavrac

« Johannes Furnkranz, Dragan
Gamberger, Nada Lavrac Foundations
of Rule Learning, Springer 2012

AT

Foundations of

Rule Learning




Literatura

T. Mitchell Machine Learning New York: McGraw-Hill, 1997.

|. H. Witten & Eibe Frank Data Mining: Practical Machine Learning Tools and Techniques
with Java Implementations San Francisco: Morgan Kaufmann, 1999.

Michalski R.S., Bratko |., Kubat M. Machine learning and data mining; J. Wiley. 1998.
Clark, P., & Niblett, T. (1989). The CNZ2 induction algorithm.Machine Learning, 3, 261-283.

Cohen W. Fast effective rule induction. Proc. of the 12th Int. Conf. on Machine Learning
71995. 115-123

R.S. Michalski, |. Mozetic, J. Hong and N. Lavrac, The multi-purpose incremental learning
system AQ15 and its testing application to three medical domains, Proceedings of i4AAl
1986, 1041-1045, (1986).

J.W. Grzymala-Busse, LERS-A system for learning from example-s based on rough sets,
In Intelligent’ Decision Support: Handbook of Applications and Advances of Rough Sets
Theory, (Edited by R.Slowinski), pp. 3-18

Michalski R.S.: A theory and methodology of inductive learning. W Michalski R.S,
Carbonell J.G., Mitchell T.M. (red.) Machine learning: An Atrtificiall Intelligence Approach,
Morgan Kaufmann Publishers, Los Altos (1983),.

J.Stefanowski: On rough set based approaches to induction of decision rules, w: A.
Skowron, L. Polkowski (red.), Rough Sets in Knowledge Discovery Vol 1, Physica Verlag,
Heidelberg, 1998, 500-529.

J.Stefanowski, The rough set based rule induction technique forclassification problems, w:

Proceedings of 6th European Conference on Intelligent Techniques and Soft Computing,
Aachen, EUFIT 98, 1998, 109-113.

J. Furnkranz . Separate-and-conquer rule learning. Artificial Intelligence Review, 13(1):3-54,
1999.



Literatura- 2

P. Clark and R. Boswell. Rule induction with CN2: Some recent improvements. In
%%ﬁeedings of the 5th European Working Session on Learning (EWSL-91), pp. 151-163,

Grzymala-Busse J.W.: Managing uncertainty in machine learning from examples.
Proceedings of 3rd Int. Symp. on Intelligent Systems, Wigry 1994 .

Cendrowska J.: PRISM, an algorithm for inducing modular rules. Int. J. Man-Machine
Studies, 27 (1987), 349-370.

Frank, E., & Witten, |. H. ;1 998). Generating accurate rule sets without global optimization.
Proc. of the 15th Int. Conf. on Machine Learning (ICML-98) (pp. 144-151).

J. Furnkranz and P. Flach. An analysis of rule evaluation metrics. In Proceedings of the
20th International Conference on Machine Learning (ICML-03), pp. 202—-209,

S. M. Weiss and N. Indurkhya. Lightweight rule induction. In Proc. of the 17th Int.
Conference on Machine Learning (ICML-2000), pp. 1135-1142,

J.Stefanowski, D.Vanderpooten: Induction of decision rules in classification and discovery-
c1):r3ie2n§ed perspectives, International Journal of Intelligent Systems, vol. 16 no. 1, 2001,

J.W.Grzymala-Busse, J.Stefanowski: Three approaches to numerical attribute
gi)sggegzgag%n for rule induction, International Journal of Intelligent Systems, vol. 16 no. 1,

P. Domingos. Unifying instance-based and rule-based induction. Machine Learning,
24:141-168, 1996.

R. Holte. Very simple classification rules perform well on most commonly used datasets.
Machine Learning, 11:63-91, 1993.



Pytania?




