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3. FRBCE Design
from Classical ML
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Interpretable GFS

6. Conclusions

s Strong interest on classifier ensembles (CEs) in the
classical machine learning field: High accuracy

s Fuzzy rule-based classification systems (FRBCSSs)
achieve good performance: Soft boundaries (and
interpretability)

o Problems with high complexity data: Curse of
dimensionality

¢ Fuzzy rule-based classification ensembles (FRBCES)
ability to deal with high complexity data

FRBCE Framework using Diversity Induction and EA-based Classifier Selection/Fusion

IWANN 2013. June, 12-14, Tenerife (Spain) Oscar Corddn



1. Introduction

OVERVIEW _
o Well established and recent advanced CE design

methods to increase accuracy by inducing diversity

Framework

| o Existing mechanisms to look for the best accuracy-
3. FRBCE Design

from Classical ML complexity tradeoff in CEs: overproduce-and-choose

pproaches

M emmnet O | & Evolutionary multiobjective optimization (EMO) ability
Classifiers to deal with conflicting optimization criteria

5. Classifier Selection
and Fusion via an

Interpretable GFS Our pro posa|:

A novel framework incorporating classical and advanced CE

methodologies and evolutionary algorithms to design fuzzy
rule-based classification ensembles (FRBCEsS)

6. Conclusions
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1. Introduction

OVERVIEW . -
o A CE is the result of the combination of the outputs of a

group of individually trained classifiers to get a more
accurate system that any of its components

e CEs are able not only to outperform a single classifier but

3. FRBCE Design . . . .
from Classical ML also to deal with complex and high dimensional

Approaches ‘e .
i classification problems

4. EMO Selection of ) ) ) .
Component e CE design is mainly based on two stages:

Classifiers

+ learning of the component classifiers

5. Classifier Selection ) ) ) o o . .
and Fusion via an ¢ combination of the individual decisions provided into the

Interpretable GFS global ou’[pu’[

6. Conclusions

e The CE accuracy relies on the performance and the
proper integration of these two tasks
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1. Introduction

One person Several people
QUESTION QUESTION
4 N
2 f42s
4 — %

CORRECT ANSWER? CORRECT ANSWER?

Diversity helps to improve accuracy
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1. Introduction

OVERVIEW

Framework

. FRBCE Design
from Classical ML
Approaches

. EMO Selection of
Component
Classifiers

. Classifier Selection
and Fusion via an
Interpretable GFS

. Conclusions

Diversity — An individual classifier must provide different
generalization patterns to obtain a diverse set of classifiers

The best situation is that where the individual classifiers are both
accurate and fully complementary (they make their errors on
different parts of the problem space)

Different methods to induce diversity among the base classifiers
(first stage):

Different classifiers: Different “inputs”/features:

£628 06488
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. Conclusions

Combination methods used in the second stage:

¢ not only consider the issue of aggregating the results
provided by all the initial set of component classifiers
(classifier fusion),

¢ but also can involve:

e either locally selecting the best single/subgroup of
classifier(s) to be used to provide a decision for each
specific input pattern (dynamic classier selection),

e or globally selecting the subgroup of classifiers to be
considered for every input pattern (static classier selection)
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3. FRBCE Design
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6. Conclusions

Two strategies to combine the results of individual classifiers:

1) Classifier fusion methods

Individual
Classifier

Individual
Classifier

Individual
Classifier

Individual
Classifier

Hypothesis: all classifiers make
independent errors

Direct OUTPUT
combination

Examples of combination:
— Majority voting, sum, product, max, min, ...

Most extended method:
— weighted majority voting [Lam and Suen, 1997]
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1. Introduction

OVERVIEW Two strategies to combine the results of individual classifiers:

Hypothesis: only some classifiers
have influence on the final result

2) Classifier selection methods

Framework

3. FRBCE Design

from Classical ML Individual |

Approaches Classifier C
4. EMO Selection of Individual Individual

Component Classifier Classifier

Classifiers

Selection OuUTPUT

5. Classifier Selection I(r;lcjiviqual IC '

and Fusion via an assiiler l

Interpretable GFS _ - _
« Static classifier selection

Individual +Dynamic classifier Individual

6. Conclusions Classifier selection [Giacinto, 2001] Classifier
*Overproduce and choose

strategies [Partridge, 96]
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2. Proposed Framework

OVERVIEW

Our proposal involves a global methodology to design
accurate, diverse and compact FRBCEs

ramewor

Different independent specific methods are proposed for
3. FRBCE Design each of the FRBCE design stages:

from Classical ML
Approaches ) .
¢ A quick and accurate fuzzy rule generation method (FURIA)

[ S el including d.ir.nensionalit.y (feature selection) is considered for the
Component base classifier generation
Classifiers
e At this stage, diversity is induced by a classical data resampling
approach (bootstrap aggregating, bagging) or

5. Classifier Selection
and Fusion via an
Interpretable GFS

¢ An advanced method (random oracles) based on training data
6. Conclusions splitting can additionally be considered

FRBCE Framework using Diversity Induction and EA-based Classifier Selection/Fusion
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OVERVIEW

. FRBCE Design
from Classical ML
Approaches

. EMO Selection of

Component
Classifiers

. Classifier Selection

and Fusion via an
Interpretable GFS

. Conclusions

11

2. Proposed Framework

The second stage can either involve only classifier selection or
joint classifier selection and fusion

Classifier selection is made by means of the classical
overproduce-and-choose (OCS) strategy allowing us to both
increase the accuracy and reduce the complexity

Use of EMO ability to deal with conflicting optimization criteria to
improve OCS (accuracy, complexity and diversity criteria)

Advanced interpretable mechanism to combine component
classifiers by means of a FRBCS (joint classifier fusion and
classifier selection)
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. FRBCE Design
from Classical ML
Approaches

. EMO Selection of

. Classifier Selection

. Conclusions

OVERVIEW

Component
Classifiers

and Fusion via an
Interpretable GFS
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2. Proposed Framework

4 N\

STAGE 1: FRBMCS DESIGN
FROM CLASSICAL ML

-

STAGE 2: EVOLUTIONARY
COMPONENT CLASSIFIER
COMBINATION

CLASSIFIER SELECTION:

APPROACH
4 N
STATIC:
Bagging l<
F. 5. FURIA
Bagging + F.5.
y

DYNAMIC:

RO + FURIA

N /

EMO  OCs

CLASSIFIER SELECTION
AND FUSION:

Interpretable GFS

- /
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Proposed Framework Graphical Representation

OVERVIEW

3. FRBCE Design
from Classical
ML Approaches

3.1. Bagging
FURIA FRBCEs

4. EMO Selection of
Component
Classifiers

5. Classifier Selection
and Fusion via an
Interpretable GFS

6. Conclusions

4 N\

STAGE 1: FRBMCS DESIGN
FROM CLASSICAL ML
APPROACH

4 N

STATIC:

} ,S

Bagging
F. 5.

Bagging + F.5.

DYNAMIC:

RO + FURIA

-

STAGE 2: EVOLUTIONARY
COMPONENT CLASSIFIER
COMBINATION

CLASSIFIER SELECTION:

N

EMO  OCs

CLASSIFIER SELECTION
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- /
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3.1. Bagging FURIA-based fuzzy classifier ensembles (Static)

OVERVIEW

3. FRBCE Design
from Classical
ML Approaches

3.1. Bagging
FURIA FRBCEs

4. EMO Selection of
Component
Classifiers

5. Classifier Selection
and Fusion via an
Interpretable GFS

6. Conclusions

Method combining several classical techniques to quickly
generate accurate and diverse base fuzzy classifiers:

o A parallel approach: bootstrap aggregating (bagging)
¢ A dimensionality reduction method (feature selection)

+ A quick and accurate fuzzy rule generation method (FURIA)

FURIA
FURIA-based
Bagging FRBCEs
AND

Feature Selection

Bagging + feature selection is a generic approach to
design good performance CEs (Panov & al, 2007)

FRBCE Framework using Diversity Induction and EA-based Classifier Selection/Fusion
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3.1. Bagging FURIA-based fuzzy classifier ensembles (Static)

OVERVIEW

3. FRBCE Design
from Classical
ML Approaches

3.1. Bagging
FURIA FRBCEs

4. EMO Selection of
Component
Classifiers

5. Classifier Selection
and Fusion via an
Interpretable GFS

6. Conclusions

Bagging Predictors (Breiman, 1996):

o Boostrap AGGregatING: create multiple boostrap samples, train
a classifier on each, and combine the classifier outputs by voting

¢ The individual classifiers (weak learners) are independently
learnt from resampled training sets (“bags”), which are randomly
selected with replacement from the original training data set

Features

N
=
%

Good for unstable (large bias) classifiers (e.g. decision trees)

=amples

FRBCE Framework using Diversity Induction and EA-based Classifier Selection/Fusion
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3.1. Bagging FURIA-based fuzzy classifier ensembles (Static)

OVERVIEW

3. FRBCE Design
from Classical
ML Approaches

3.1. Bagging
FURIA FRBCEs

4. EMO Selection of
Component
Classifiers

5. Classifier Selection
and Fusion via an
Interpretable GFS

6. Conclusions

Feature selection:

¢ Another classical approach to induce diversity

s Good to use for not so unstable classifier design methods, such
as many fuzzy rule generation methods

e Three different feature selection methods used:

Features
Bl - R e[ Rl F LR [r [ Fa| [ |

Bagging
+ feature selection

Samples

«««xp MIFS greedy method (Battiti, 1994)

===aaPp Randomly (random subspace, Breiman 2001)

«==uxPp Random greedy (combines MIFS with RS)

FRBCE Framework using Diversity Induction and EA-based Classifier Selection/Fusion
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3.1. Bagging FURIA-based fuzzy classifier ensembles (Static)

OVERVIEW

3. FRBCE Design
from Classical
ML Approaches

3.1. Bagging
FURIA FRBCEs

4. EMO Selection of
Component
Classifiers

5. Classifier Selection
and Fusion via an
Interpretable GFS

6. Conclusions

FURIA (Fuzzy Unordered Rule Induction Algorithm)
(HOllermeiler et al., 2009):

* Arule learning algorithm extending RIPPER
» Generates simple and compact fuzzy classification rules

e Decision tree-based learning approach: deals properly

with high dimensional datasets and incorporates feature
selection

« Very quick generation method

« Performs well comparing to C4.5 and RIPPER

AIM: Improve accuracy by embedding
FURIA into the FRBCE framework

FRBCE Framework using Diversity Induction and EA-based Classifier Selection/Fusion
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3.1. Bagging FURIA-based fuzzy classifier ensembles (Static)

OVERVIEW .
Fuzzy rules — soft boundaries

L

3. FRBCE Design
from Classical
ML Approaches

3.1. Bagging
FURIA FRBCEs

4. EMO Selection of
Component
Classifiers

\

5. Classifier Selection

and Fusion via an :
Interpretable GFS A. Crisp rules B. Fuzzy rules

A Soft boundaries provided by fuzzy rules (Hullermeier et al. 2009)

FRBCE Framework using Diversity Induction and EA-based Classifier Selection/Fusion
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OVERVIEW

3. FRBCE Design
from Classical
ML Approaches

3.1. Bagging
FURIA FRBCEs

4. EMO Selection of
Component
Classifiers

5. Classifier Selection
and Fusion via an
Interpretable GFS

6. Conclusions

Pure voting
{no weights)

Feature
Data selection
(normalized)
Feature
selection
Feature
selection
Training Set
+
Testing Set Eaatiire
selection
Instance
selection
) 2 FURIA
Bagging Feat. Selection Acaar

K. Trawinski, O. Cordon, A. Quirin. On designing fuzzy multiclassifier systems by combining FURIA with
bagging and feature selection. International Journal of Uncertainty, Fuzziness, and Knowledge-based
Systems 19:4 (2011) 589-633. IF: 1.781. Cat: CS, Al. O: 31/111. Q2
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Proposed Framework Graphical Representation

OVERVIEW

3. FRBCE Design
from Classical
ML Approaches

3.2. RO Bagging
FURIA FRBCEs

4. EMO Selection of
Component
Classifiers

5. Classifier Selection
and Fusion via an
Interpretable GFS

6. Conclusions

4 N\

STAGE 1: FRBMCS DESIGN
FROM CLASSICAL ML

-

STAGE 2: EVOLUTIONARY
COMPONENT CLASSIFIER
COMBINATION

CLASSIFIER SELECTION:

APPROACH
4 N
STATIC:
Bagging l<
F. 5. FURIA
Bagging + F.5.
y

DYNAMIC:

RO + FURIA

EMO  OCs

CLASSIFIER SELECTION
AND FUSION:

Interpretable GFS

- /
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3.2. Random Oracle-based Bagging FURIA FRBCEs (Dynamic)

OVERVIEW

3. FRBCE Design
from Classical
ML Approaches

3.2. RO Bagging
FURIA FRBCEs

4. EMO Selection of
Component
Classifiers

5. Classifier Selection
and Fusion via an
Interpretable GFS

6. Conclusions

e Random Oracles (ROs) is a recent proposal of a generic
and fast CE design method introducing additional
diversity and thus improving accuracy

o We aim to incorporate ROs into bagging FURIA-based
FRBCEs:

¢ The ensemble accuracy can be improved thanks to the
dynamic approach and the additional diversity induced

e The additional diversity can also be beneficial for an a
posteriori global classifier selection process

FRBCE Framework using Diversity Induction and EA-based Classifier Selection/Fusion
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3.2. Random Oracle-based Bagging FURIA FRBCEs (Dynamic)

OVERVIEW

3. FRBCE Design
from Classical
ML Approaches

3.2. RO Bagging
FURIA FRBCEs

4. EMO Selection of
Component
Classifiers

5. Classifier Selection
and Fusion via an
Interpretable GFS

6. Conclusions

The RO algorithm:

¢ Learning. Each base classifier (k=1, ..., K) is constructed
as follows:

¢ Draw a random hyperplane h, in the feature space of problem P

s Split the training set T, into two parts, T+, and T, depending on
which side of h, the points lie

« Train a classifier for each side/part, D+=D(T*,C;) and D" (T",C))

o Classification. For each new data example x, assign the
decision of each ensemble component by choosing D+, or
D~ depending on which side of h, x lays

FRBCE Framework using Diversity Induction and EA-based Classifier Selection/Fusion
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3.2. Random Oracle-based Bagging FURIA FRBCEs (Dynamic)

OVERVIEW

3. FRBCE Design
from Classical
ML Approaches

3.2. RO Bagging
FURIA FRBCEs

4. EMO Selection of
Component
Classifiers

5. Classifier Selection
and Fusion via an
Interpretable GFS

6. Conclusions

Two different RO variants according to the oracle plane generation:

Random Linear Oracles (RLOs) use a randomly generated hyperplane while
Random Spherical Oracles (RSOs) consider a random hypersphere

¢« RLO (hyperplane):
e Select randomly a pair of examples from the training set

« Find the line segment between these points passing through the
middle point M

o« Calculate the hyperplane perpendicular to the obtained line
segment and containing M

¢ RSO (hypersphere and feature selection):
o0 Select randomly at least the half (250%) of the features
¢ Choose randomly a training set example to become the center

¢ Calculate the distances from the center to E examples (chosen at
random); the median of these distances is the hypersphere radius

FRBCE Framework using Diversity Induction and EA-based Classifier Selection/Fusion
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3.2. Random Oracle-based Bagging FURIA FRBCEs (Dynamic)

OVERVIEW

3. FRBCE Design
from Classical
ML Approaches

3.2. RO Bagging
FURIA FRBCEs

4. EMO Selection of
Component
Classifiers

5. Classifier Selection
and Fusion via an
Interpretable GFS

6. Conclusions

RO main features:

" Fast to train and evaluate

"~ Embeds only the base classifier. Thus,

e any CE strategy can be applied;

e any classifier learning algorithm (sub-classifier) can be

used

e~ Combines classifier fusion and classifier selection

®.
.

" Increases diversity and thus the final CE accuracy

FRBCE Framework using Diversity Induction and EA-based Classifier Selection/Fusion
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3.2. Random Oracle-based Bagging FURIA FRBCEs (Dynamic)

OVERVIEW
MCS design methodology

Any MCS method deriving component classifiers
(bagging FRBMCS in this contribution)

i | ! | 1 1

. Random Oracle 1 Random QOracle 2 Random Oracle n

3. FRBCE Design

from Classical FURIA 1 FURIA 2 FURIA 1 FURIA 2 FURIA 1 FURIA 2

ML Approaches (RO1) (RO1) (RO2) (RO2) (ROn) (ROn)
3.2. RO Bagging

FURIA FRBCEs
4. EMO Selection of

Component B —

- ase classifier
Classifiers FINAL OUTPUT

Any MCS combination technique

5. Classifier Selection
and Fusion via an
Interpretable GFS

(majority voting inherently from bagging)

K. Trawinski, O. Cordon, A. Quirin. On Applying Random Oracles to Fuzzy Rule-Based Classifier
Ensembles for High Complexity Datasets. Proc. EUSFLAT-2013, September 2013.

K. Trawinski, O. Cordon, A. Quirin. Random Oracles Fuzzy Rule-Based Multiclassifiers for High
Complexity Datasets. Proc. FuzzIEEE2013, July 2013
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3.3. Experiments

OVERVIEW TABLE I: Datasets considered
UCI and KEEL datasets: Dataset #ex.  Hattr (R/UN)  cmpl.  #cl.
abalone 4178 8 (710/T) 33 28
bioassay_688red 27190 153 (27/126/0) 4160 2
P Large number of datasets ¢oil2000 9822 85 (0/85/0) 835 2
) gas_sensor 13910 128  (1280/0) 1780 7
Framework considered: 29 isolet 7797 617  (617/0/0) 481.1 26
letter 20000 16 (0/16/0) 320 26
magic 19020 10 (000) 190 2
. ' ' ' marketing 6876 13 (0/13/0) 89 9
3.FRBCE Design ) Every attribute is continuous  TE0MeR 000 2le Onigo, 432 10
(abalone has one nominal, mfeat_fou 2000 76 (76/0/0) 152 10
ML Approaches : mfeat_kar 2000 64 (64000) 128 10
3.3. Experiments bioassay 688red has some mfeaktz_ zer éggg Ié; {éﬁgﬂ mg.;t 1(2}
H H mus .
binary attributes) optdigits 5620 64 (0/64/0) 360 10
_ pblocks 5474 10 (#6/0) 55 5
4. EMO Selection of . , pendigits 10992 16 (016/0) 17.6 10
Component ¢ Complex and high ring_norm 7400 20 Q200/0) 148 2
P g
Classifiers dimensional: large number sat 6436 36 (0/3600) 232 6
: segment 2310 19 (19/0/0) 44 7
c Clacciior Seloct of features (617), classes pmetead 24 e G B3
. Classirier selection . ’
e _ spambase 4602 57 (5700) 262 2
and Fusion via an (28), and instances (58.000) steel_faults 1941 27 (11/16/0) 5.2 7
Interpretable GFS tex ture 5500 40 (40V0/0) 220 11
, , thyroid 7200 21 (615/0) 151 3
¢ Pentium i-5 3.1 GHz, 4 GB,  o_nom 7400 20 (200/0) 148 2
6. C lusi waveform_noise SO0 40 (AOV0/0) 20,0 3
onciusions 4 cores waveform1 5000 21 (Uo0) 105 3
wquality_white 4898 11 (11/0/0) 547

FRBCE Framework using Diversity Induction and EA-based Classifier Selection/Fusion
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3.3. Experiments

OVERVIEW
Validation:

s* Dietterich’s 5x2-fold cross validation
o Statistical tests:
¢ Friedman and Iman Davenport tests for multiple

ramewor

3. FRBCE Design

from Classical comparison o .

ML Approaches + Holm (1xn) and Shaffer (nxn) tests for pairwise comparison
3.3. Experiments s Test accuracy and #rules as the performance measures
4. EMO Selection of

Component Parameter values:

Classifiers

c Classifier Selection | 100 classifiers for classical bagging FRBMCSs and 75 for RLO-
" and Fusion via an based bagging FRBMCSs generated
Interpretable GFS
e The confidence level for the null hypothesis rejection for all
6. Conclusions statistical tests = 5%

FRBCE Framework using Diversity Induction and EA-based Classifier Selection/Fusion
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3.3. Experiments

RO-based bagging FRBCEs
outperform bagging FRBCEs:

BAG 5 wins (1 tie);
RLO 8 wins (2 ties),

RSO 19 wins (2 ties)
Better average, lower std. dev.

Statistical tests:
Friedman and Iman Davenport
Shaffer

FRBCE Framework using Diversity Induction an
IWANN 2013. June, 12-14,"

BAG BAG+RLO BAG+RSO
Dataset Test err. Test err. Test err.
abalone 0.7455 0.7452 0.7480
bioassay_G688red 0.0090 0.0090 0.0090
coil2000 0.0602 0.0601 0.0601
gas_sensor 0.0086 0.0079 0.0078
isolet 0.0774 0.0691 0.0700
letter 0.0778 0.0742 0.0743
magic 0.1325 0.1314 0.1299
marketing 0.6749 0.6673 0.6671
mfeat_fac 0.0547 0.0434 0.0431
mfeat_fou 0.1992 0.1941 0.1925
mfeat _kar 0.0825 0.0699 0.0709
mfeat_zer 0.2231 0.2169 0.2181
musk2 0.0338 0.0328 0.0320
optdigits 0.0324 0.0283 0.0282
pblocks 0.0335 0.0353 0.0338
pendigits 0.0155 0.0137 0.0132
ring_norm 0.0432 0.0438 0.0315
sat 0.1013 0.1008 0.1001
segment 0.0309 0.0303 0.0295
sensor_read_24 0.0222 0.0227 0.0233
shuttle 0.0008 0.0009 0.0009
spambase 0.0663 0.0651 0.0639
steel_faults 0.2371 0.2367 0.2361
texture 0.0288 0.0278 0.0274
thyroid 0.0212 0.0215 0.0218
two_norm 0.0316 0.0271 0.0276
waveform_noise 0.1480 0.1461 0.1457
waveform 0.1480 0.1451 0.1453
waquality _white 0.3908 0.3840 0.3803
Avg. 0.1286 0.1259 0.1252
Std. Dev. 0.1833 0.1825 0.1829




3.3. Experiments

BAG BAGH-RLO  BAGYH-RSO

Distaset Test ery. Teat ey, Test erv.

abalone 0.7452 0.7480
Hioassay GREred 0.00480 03,0000
coti200 ié .0601 g.0001
RO-based bagging FRBCEs (S
outperform bagging FRBCEs: S o R,
magic 12
. . narketing 0.6671
BAG 5 wins (1 tie); mfeat fac 0.0431
) : 11 ‘%ft &%JE ?@35 0, Egééé {. E%ﬁf@
RLO 8 wins (2 ties): i R e
Iies

Algorithm Rﬂnking T 0.2 ?&%3
: . _— 0.0320
RSO 19 wins (2 ties) i FURIA+BAGHRSO 1.552 00282

blofS FURIA+BAGH+RLO 1.828  0.08s

FURIA+BAG 2.621 012

Better average, lower std. dev.

1.0315

RN g.1001

= RIS .0245

. . sensor read 24 (3,0222 RIS
Statistical tests: , 0

; Comparison p-value

7 1
Friedman and Iman Davenport BAG+RSO vs BAG +(1.41e-4) |
. BAG+RLO vs BAG +(U.D[12) 8

Shaffer -~ BAG+RSO vs BAG+RLO =(0.293) ©

wavetorm 01480 0.1451 L1453

wonality _white {1.3008 0.3840 0.3803

FRBCE Framework using Diversity Induction an. A ve. 0.1286 (.1259 0.1252
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3.3. Experiments

BAG BAGH+RLO BAGHRSO

Dataset # Rules # Rules # Rules
abalone 8369.0 R696.7 9382.8
bioassay 688red 5526.9 4642.8 4780.8
c0il2000 4331.9 3804.1 4002.1
gas_sensor 8628.3 7091.3 7310.7
. isolet 12215.7 10523.6 10828.5
RO-based bagglng FRBCEs letter 47109.1 39410.5 40972.9
. ; magic 13770.8 13143.0 14556.9
Ouz‘,oerform bagg/ng FRBCEs: marketing 6418.5 7252.0 7429.1
mfeat _fac 3479.9 3050.2 3110.3
. . mfeat_fou 5483.5 4711.4 4886.9
BAG 2 wins, mfeat kar 4953.3 4448.4 4581.0
mfeat_zer 5028.3 4349.9 4549.2
H . musk2 4332.2 3581.1 3582.7
RLO 25 wins ’ optdigits 7167.3 6352.4 6511.1
pblocks 3201.7 2877.9 2816.4
/ pendigits 8788.6 7348.0 7491.6
RSO 2 wins ring norm 7308.9 6205.7 5961.4
sat 8454 .4 6956.2 7109.5
Better average, lower std. dev. enson read 24 a8 33404 34283
shuttle 1826.2 1723.8 1737.5
spambase 3612.9 3281.9 4181.1
steel_faults 5467.3 4799.0 4857.0
S . . I texture 6537.2 5305.7 5542.8
- thyroid 3299.5 2831.7 2959.8
tatistical tests: two_norm 6147.5 4973.3 5307.8
: waveform_noise 7932.6 6729.9 6850.6
Friedman and Iman Davenport waveform 8303.0 7017.3 7115.0
wquality_white 13429.3 12134.0 12564.4
Ave. 78311 6854.6 71306
Shaffer St Dev. 114 68573 568
Avg. (Without Letter) 6428.3 5691.9 5921.9
Std. Dev. (Without Letter) 3100.2 2847.3 3030.4
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3.3. Experiments

BAG BAGHRLO BAGHHSO
7 Hules 7+ Hules

ga382.8

Diataset

RO-based bagging FRBCEs
outperform bagging FRBCEs:

BAG 2 wins; ent

mifeat _zer ;
RLO 25 wins; Algorithm ‘
RSO 2 wins it FURIA+BAGHRLO 1.138 10
/" FURIA+BAG+RSO 2.069 o
Better average, lower std. dev. /*  FURIA+BA 2.793 |
" " L3OL.Y
Statistical tests: pam 7
Comparison p-value
Friedman and Iman Davenport * BAG+RLO vs BAG F(8.77e-10)
~ BAGHRSO vs BAG +(0.006)
Shaffer ' BAGHRLO vs BAG+RSO  =+(3.92e-4)
‘*ia%J Dev. {Without 55& 31602 28473 3504
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3.3. Experiments

FURIA C4.5 NB RF
Dataset Test err. Test err. Test err. Test err.
abalone 0.7480 0.7681 0.7619 0.7536
bioassay_688red 0.0090 0.0090 0.0152 0.0090
coil2000 0.0601 0.0615 0.1847 0.0597
gas_sensor 0.0078 0.0089 0.2939 0.0092
isolet 0.0700 0.0788 0.1246 0.0766
. letter 0.0743 0.0615 0.2927 0.0701
RSO-based bagging FRBCEs magic 01299  0.255 02391 01314
. marketing 0.6671 0.6735 0.6864 0.6624
outperform classical CEs: mfeat_fac 0.0431 00498 00659  0.0475
mfeat_fou 0.1925 0.1902 0.2221 0.1858
7 1 . mfeat_kar 0.0709 0.0818 0.0593 0.0597
RSO 14 wins (2 tleS), mfeat _zer 0.2181 0.2273 0.2464 0.2330
c c musk?2 0.0320 0.0271 0.1107 0.0375
BAG C4.5 10 wins (2 ties); optdigits 0.0282  0.0276 0.0709 0.0277
pblocks 0.0338 0.0327 0.0706 0.0332
BAG NB 2 WIFIS pendigits 0.0132 0.0150 0.0864 0.0162
J ring_norm 0.0315 0.0376 0.0199 0.0587
. . sat 0.1001 0.0950 0.1720 0.1027
RF 7 wins (1 tie) segment 0.02905 00328 01180  0.0350
sensor_read_24 0.0233 0.0234 0.3710 0.0224
shuttle 0.0009 0.0009 0.0143 0.0009
Better average, lower std. dev. spambase 0.0639 0.0651 0.1788 0.0625
steel_faults 0.2361 0.2263 0.3441 0.2517
texture 0.0274 0.0334 0.1384 0.0383
i i = thyroid 0.0218 0.0222 0.0381 0.0221
Statistical tests: two_norm 0.0276 0.0280 0.0219 0.0389
. waveform_noise 0.1457 0.1643 0.1668 0.1556
Friedman and Iman Davenport waveform 0.1453 01588 01534 0.1587
wquality_white 0.3803 0.3688 0.5230 0.3864
Holm Avg. 0.1252 0.1274 0.1997 0.1202
Std. Dev. 0.1829 0.1852 0.1890 0.1830
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3.3. Experiments

FURIA 4.5 MW ny
Dintaset Test err. Test err. Test err. Test err.
abalone (L7480 (,7838
seay. bEsred 0.0080 RV
R 0R8Y
L0700

(L2ue7

RSO-based bagging FRBCEs | 0.1314
- LoEnd 0624
outperform classical CEs: 0.0659 0.0475
(L2221 1858
RSO 14 wins (2 ties); S Lo
BAG C4.5 10 wi D ¢ _ Algorithm Ranking
: wins (2 ties); op FURIA+BAG+RSO 1.793
T pendigits C4.5+BAG+RSO 2.276
BAG NB 2 wins; pendigits RE 2315 0
RF 7 wins (1 tle) S NB+BAG+RSO 3.586 .
ead 24 4.0233 .04 BA710 D.4224
Better average, lower std. dev. 00008 nooos e nus oo
sparnbss 00600 RN 17sR 0.0625
steel faunlts 2ant £3.2263 5441 .2517
Statistical tests: Comparison p-value
' FURIA+BAG+RSO vs C4.5+BAG+RSO —(0.207)
: " FURIA+BAG+RSO vs RF =(0.207)
Friedman and Iman Davenport ' FURIA+BAG+RSO vs NB+BAG+RSO  +(3.69¢-7)

Holm Ave. 0.1252

St Dev. 0.18Es

i
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4. EMO Selection
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4 N\

STAGE 1: FRBMCS DESIGN
FROM CLASSICAL ML

APPROACH
4 N
STATIC:
Bagging l<
F. 5. FURIA
Bagging + F.5.
y
DYNAMIC:
RO + FURIA

N

-
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COMPONENT CLASSIFIER
COMBINATION

CLASSIFIER SELECTION:

EMO  OCs
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Interpretable GFS

;[
‘i

/
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- @ 4. Evolutionary Multiobjective Selection of the Component Classifiers
L L

SF

OVERVIEW _ y . .
¢ OCS is an extended classifier selection strategy both reducing

the complexity and improving the accuracy of CEs

Framework e Accuracy is usually considered as the main optimization criterion
but complexity and diversity are also interesting (not well known
3. FRBCE Design relation between accuracy and diversity)
from Classical ML
Approaches
o Evolutionary algorithms have been widely used for OCS. EMO
4. EMO Selection shows a strong ability in the optimization of conflicting criteria
of Component
Classifiers

e We aim to propose an EMO-based OCS strategy as a
3 _ component of our framework:
5. Classifier Selection

and Fusion via an ¢ Joint optimization of up to three different kinds of criteria

Interpretable GFS - i ith di '
IHSTEE L + Obtaining of a set of CE designs with different accuracy-complexity

tradeoffs in a single algorithm run

6. Conclusions

s Specific: Check how beneficial the additional diversity induced by
ROs is for EMO OCS-based FRBCEs

FRBCE Framework using Diversity Induction and EA-based Classifier Selection/Fusion
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- @ 4. Evolutionary Multiobjective Selection of the Component Classifiers
-

OVERVIEW

3. FRBCE Design
from Classical ML
Approaches

4. EMO Selection
of Component
Classifiers

5. Classifier Selection
and Fusion via an
Interpretable GFS

6. Conclusions

OCS strategy (Partridge and Yates, 1996) :

 Generate many classifiers and select the best cooperating
subset

¢ Decrease complexity/eliminate useless classifiers to improve
accuracy

Instance

selection

FRBCE Framework using Diversity Induction and EA-based Classifier Selection/Fusion

36

IWANN 2013. June, 12-14, Tenerife (Spain) Oscar Corddn



- @ 4. Evolutionary Multiobjective Selection of the Component Classifiers
L &

e NSGA-Il EMO algorithm (Deb et al., 2002):

¢ Produces a set of efficient solutions (Pareto-optimal set) in a

el single run
+« Based on Pareto dominance depth approach, where population

3. FRBCE Design IS divided into several fronts

from Classical ML

Approaches ¢ Solutions in the same front have the same fithess rank
4. EMO Selection s= Crowding distance ’Fo promote N

of Component Pareto front spreading 1st Front

Classifiers A T

o . boid
5. Classifier Selection B

and Fusion via an
Interpretable GFS

2nd objective

6. Conclusions 3rd Front

v

1st objective

FRBCE Framework using Diversity Induction and EA-based Classifier Selection/Fusion
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OVERVIEW

ramewor

3. FRBCE Design
from Classical ML
Approaches

4. EMO Selection
of Component
Classifiers

5. Classifier Selection
and Fusion via an
Interpretable GFS

6. Conclusions

- @ 4. Evolutionary Multiobjective Selection of the Component Classifiers
L &

NSGA-ll-based EMO OCS method components:

¢ Binary coding —

¢ General: a binary value is assigned to each component
classifier (1 — selected classifier; 0 — discarded classifier)

¢ RO-specific: a binary value is assigned to each RO
subclassifier

e Generational approach and elitist replacement strategy

" Binary tournament

* Classical two-point crossover and bit-flip mutation or
biased (towards smaller ensembles) bit-flip mutation

FRBCE Framework using Diversity Induction and EA-based Classifier Selection/Fusion
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- @ 4. Evolutionary Multiobjective Selection of the Component Classifiers
L L

SF

OVERVIEW
Reparation operator (RO-specific coding scheme):

e o= As the oracle assigns only half-a-region of the feature
space to each subclassifier, NSGA-Il may select a subset
3. FRBCE Design of subclassifiers not covering the entire feature space
from Classical ML
Approaches ) . . _ o
o To avoid that, at least one subclassifier in the RO pair is
4. EMO Selection forced to be selected
of Component
Classifiers )
¢ Procedure:
5. Classifier Selection o Generate all the possible combinations containing a single
?:g;“rzgg,lve'a;;g RO pair (to cover the entire feature space)
¢ Evaluate them in the objective space and remove the
6. Conclusions dominated ones

¢ Select one of the non-dominated solutions at random

FRBCE Framework using Diversity Induction and EA-based Classifier Selection/Fusion
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- @ 4. Evolutionary Multiobjective Selection of the Component Classifiers
L L

SF

OVERVIEW

Framework

3. FRBCE Design
from Classical ML
Approaches

4. EMO Selection
of Component
Classifiers

5. Classifier Selection
and Fusion via an
Interpretable GFS

6. Conclusions

Objective functions:

Three-objective fitness function

designed from an evaluation criteria taken from each of the

existing families:

s accuracy

Smallest
classification
margin

SQUARES

A lexicographic order of:

> 1) Training error e

O
largest |\ !
error -
margin

O

O
O

2) Error margin m,

3) Classification margin m,

O

e~ complexity (#classifiers)

o diversity: variance (0)

FRBCE Framework using Diversity Induction and EA-based Classifier Selection/Fusion
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OVERVIEW

.m. 10
BAG 1 H RO1 P RO1

@& 4. Evolutionary Multiobjective Selection of the Component Classifiers

20

15

2nd obj

TEComplx__©

Training
Dataset

3. FRBCE Design

BAG2 H RO2 H%
[Esre]

BAGnN H ROn

from Classical ML
Approaches 50%
. Dataset Instance
4. EMO Selection (normalized)| selection
of Component (resampling)
Classifiers 50% l Bagging

Interpretable GFS

5. Classme_r Selt_ectlon Tesmatase} ________________________________________
and Fusion via an

FURIA 2
Final Set of
Classifiers
RO... a}
| ERe | Classical validation:

» Training Error

* TestError
FURIA 5 » Complexity

Final Pareto set of

RO

«-~"" Classifier Ensembles

Validation:
T Training Error

*» TestError

» Complexity

ree-ohjective Fithess:
* Training Error

» Complexity

* Variance (Diversity)

[77]

13

1]

5!

=
A2
(S

6. Conclusi K. Trawinski, O. Cordon, A. Quirin. A Study on the Use of Multiobjective Genetic Algorithms for Classifier
. Lonclusions Selection in FURIA-based Fuzzy Multiclassifiers. Int. J. Comp. Intel. Syst. 5:2 (2012) 231-253
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- @ 4. Evolutionary Multiobjective Selection of the Component Classifiers
L L

SF

OVERVIEW Same datasets and validation mechanism than in the
previous experimental study:

Framework

3. FRBCE Design Design choices and parameter values:

from Classical ML . . . o
Approaches ¢ Comparison between different fuzzy component classifier

generation methods and EMO OCS strategy variants

4. EMO Selection . . .
of Component o Test accuracy and #rules of each Pareto-optimal solution are

Classifiers measured to allow for a global comparison

c Cassifier selection | @ NSGA-Il  parameters: 200 individuals, 1000 generations,

and Fusion via an crossover prob. 0.6, mutation prob. 0.1
Interpretable GFS

+ Hypervolume Ratio (HVR) indicator considered to compare the
6. Conclusions obtained Pareto front approximations (PFAs)

FRBCE Framework using Diversity Induction and EA-based Classifier Selection/Fusion
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- @ 4. Evolutionary Multiobjective Selection of the Component Classifiers
L o

OVERVIEW

Framework

3. FRBCE Design
from Classical ML
Approaches

4. EMO Selection
of Component
Classifiers

5. Classifier Selection
and Fusion via an
Interpretable GFS

6. Conclusions

The FRBCE/EMO variants for the comparison purpose:

abbreviation base classifier CE methodology OCS strategy mut. type
BAS-BAG FURIA bagging standard NSGA-II standard
BAS-RLO RLO (2xFURIA+oracle) bagging+RLO standard NSGA-II standard
ADV-RLO RLO (2xFURIA+oracle) bagging+RLO  specific RO NSGA-II  standard

ADV-BI-RLO  RLO (2xFURIA+oracle) bagging+RLO specific RO NSGA-II biased
BAS-RSO RSO (2xFURIA+oracle) bagging+RSO standard NSGA-II standard
ADV-RSO RSO (2xFURIA+oracle) bagging+ RSO specific RO NSGA-II  standard

ADV-BI-RSO RSO (2xFURIA+oracle) bagging+RSO specific RO NSGA-II biased

FRBCE Framework using Diversity Induction and EA-based Classifier Selection/Fusion
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@ 4. Evolutionary Multiobjective Selection of the Component Classifiers
L

<

BASBAG BAS-RLO ADV-RLO | ADV-BI-RLO| BASRSO ADV-RSO  ADV-BLI-RSO

aba  0.8248 0.8594 0.6399 0.8878 0.8378 0.7305 0.8500

bio  0.8343 0.9073 0.8059 0.9825 0.9115 0.9118 0.9678

col  0.6929 0.7419 0.5687 0.7548 0.7251 0.6497 0.6477

gas  0.8590 0.9404 0.6876 0.9771 0.9382 0.8435 0.9642

o 0.8611 0.9118 0.7661 0.9534 0.9074 0.8571 0.9155

let 09127 0.9477 0.7961 0.9726 0.9626 0.8945 0.9727

mag  0.7970 0.8423 0.6444 0.9061 0.8433 0.8119 0.8737

mar 07214 0.8217 0.6569 0.8689 0.8170 0.7994 0.8225

mfa  0.8874 0.9463 0.7886 0.9763 0.9439 0.8717 0.9600

R e fe rence P F A S cons / de re d mfo 0.8373 0.8838 0.7145 0.9322 0.8809 0.8040 0.8931
mka  0.8661 0.9227 0.7643 0.9631 0.9091 0.8418 0.9211

) ) mze  0.8041 0.8650 0.6498 0.9183 0.8560 0.7702 0.8660

(O 1:Test EI’I’OI’, O2; #rU/eS) mus 07112 0.8098 0.6161 0.8779| 08172 0.7071 0.8122
opt  0.8721 0.9316 0.7662 0.9669 0.9322 0.8411 0.9415

phl  0.7487 0.7794 0.6038 0.7231 0.8052 0.7764 0.8421

pen  0.8617 0.9375 0.6873 0.9752 0.9419 0.8106 0.9609

Variant ADV-BI-RLO clear! vin  0.8187 0.8526 0.6878 0.8803 0.9221 0.8954 0.9222
)4 sat 08436 0.9219 0.7196 0.9613 0.9284 0.8296 0.9468

seg  0.8551 0.9081 0.7621 0.9358 0.9080 0.8172 0.8417

re po rts the best pe rfo rmance sen  0.8507 0.9234 0.6630 0.9644 0.9228 0.8043 0.9503
shu  0.9347 0.9192 0.7051 0.9645 0.9176 0.7858 0.9661

spa 08196 0.8932 0.6805 0.9343 0.8690 0.8535 0.9109

st 0.8206 0.8836 0.6620 0.9264 0.8877 0.7998 0.9053

tex  0.8713 0.9308 0.7769 0.9614 0.9288 0.8388 0.9444

thy  0.8368 0.9084 0.6804 0.9560 0.9025 0.8303 0.9487

two  0.8774 0.9558 0.7478 0.9814 0.9392 0.8880 0.9565

wan  0.8566 0.8881 0.7335 0.9397 0.8873 0.8400 0.8890

wav 08426 0.9033 0.7163 0.9300 0.8989 0.8367 0.9192

wqu  0.7914 0.8567 0.6973 0.9098 0.8724 0.8119 0.8881

avg  0.8317 0.8804 07031 0.9269 0.3901 08101 0.9035

dev.  0.0362 0.0522 0.0608 0.0618 0.0524 0.0564 0.0681
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- @ 4. Evolutionary Multiobjective Selection of the Component Classifiers
(]

<

' BAS-BAC X -— BAS-BAG %
K BAS-RLO o sop - BAS-RLO o
ADY-RLO o ADY-RLO o
ov-BI-RLO & ov-BI-RLO &
BAS-R5D BAS-R5D
op8 | ADV-RSD < oag - ADV-R50 <
DY-BI-R50 + DY-BI-R50 +
LS regated #* L regated #*
188
- -—
- -
g g
— ~ 168 -
Fl Fl
£ 198 &
- -
=y k T 148 |
5 - 5
= =
] ]
2 2
g g 128
1] 1]
188
188
o8
50 r * | 60
1 L 1 L 1 L L L 1 L L L 1 L
a,.a2 8,825 .83 8,835 a.84 a.845 a.a5 8,855 a.016 0,018 a.az2 a.e22 a.624 a.826 8,823 0,83 a.83:
test error test error
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- @ 4. Evolutionary Multiobjective Selection of the Component Classifiers
# ]

Best train Best complx Best trade-off Best test

Tra Tst Cmpl Tra Tst Cmpl Tra Tst Cmpl Tra Tst Cmpl

avg. BAS-BAG 0.0506 0.1306 2002.6 | 0.0694 0.1399 444.7 0.0586 0.1287 854.4 0.0536 0.1263 1951.1
BAS-RLO 0.0436 0.1301 1748.4 | 0.0983 0.1736 202.1 0.0575 0.1309 529.1 0.0478 1819.4
ADV-RLO 0.0435 0.1267 2663.0 | 0.0525 0.1314 1058.1 | 0.0490 0.1243 1598.6 | 0.0460 2620.6
ADV-BI-RLO 0.0426 0.1276 1268.5| 0.0916 0.1680 90.2 0.0514 0.1287 343.0 0.0458 1205.4
BAS-R50 0.0420 0.1292 1882.7| 0.0926 0.1688 204.8 0.0554 0.1304 590.4 0.0447 2100.6
ADV-RSO 0.0409 0.1271 2453.8 | 0.0542 0.1326 932.7 0.0496 0.1242 1313.0 | 0.0451 2216.0
ADV-BI-RS0O 0.0392 0.1308 1464.6 | 0.1410 0.2107 116.7 0.0609 0.1357 401.6 0.0438 1492.4
dev. BAS-BAG 0.1390 0.1832 3505.3 | 0.1500 0.1858 511.6 0.1456 0.1820 1174.6 | 0.1433 0.1814 3004.1
BAS-RLO 0.1213 0.1821 2976.0| 0.1511 0.1925 221.8 0.1363 0.1817 659.9 0.1303 0.1808 2770.6
ADV-RLO 0.1206 0.1828 3508.0 | 0.1319 0.1845 1267.3 | 0.1294 0.1816 2082.4| 0.1244 0.1809 3832.2
ADV-BI-RLO 0.1196 0.15829 1644.9 | 0.1535 0.1928 95.6 0.1325 0.1821 389.2 0.1252 0.1811 1758.9
BAS-R50 0.1194 0.1820 3460.7 | 0.1472 0.1906 204.7 0.1342 0.1823 758.4 0.1239 0.1810 3398.5
ADV-RSO 0.1156 0.1829 3169.7| 0.1322 0.1851 971.9 0.1283 0.1815 1534.8 | 0.1224 0.1807 2866.2
ADV-BI-RS0O 0.1135 0.1839 2234.2 | 0.1467 0.1876 119.2 0.1358 0.1831 493.3 0.1217 0.1820 2117.4
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- @ 4. Evolutionary Multiobjective Selection of the Component Classifiers
L

//‘ -
%

‘‘‘‘ Best train Best complx Algorithm Ranking o7
Tra Tst Cmpl Tra Tat Cmpl
avg. jf%m BAG 0.0506 0.1306 ggks@ﬁi 6 %ﬁ%ﬁ%i 0. w%% iggigﬁg 332; Wﬁ@w
BAS-RLO 0 0.0083 0.1736 20 57! 7 1819.4
PR 1o ADV-BI-RLO 3.776 1or| o600 6
LGR( BAS-RSO 4.328 1205.4
n50 ADV-BI-RSO 4.776 2100.¢
190 BAS-RLO 5.155
i 511.6 | 0.145 BAS-BAG 0413 3004
§§i}‘2% ﬁ%é% £ TS TRt oSED O i £ 10V Oy TR ﬂmjef?"‘*?’{“is@%i;
LRAR 1aaT, Comparison p_va_lue 2
106 (1, 1829 41535 (.1928 95.6 .9
)4 0.1820 3460. ). con6 2na 7 ADV-RSO vs BAS-BAG +(6.63e-8) -
(0.1829 3 ' ).IBDQT1 9 ADV-RSO vs BAS-RLO +(1.01e-6) =
ADV. ;;;; RSO 0.1839 2234. = ADV-RSO vs ADV-BI-RSO  +(2.38e-5) .1
ADV-RSO vs BAS-RSO +(5.56e-4)
ADV-RSO vs ADV-BI-RLO  +(0.011)
ADV-RSO vs ADV-RLO —=(0.855)
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@ 4. Evolutionary Multiobjective Selection of the Component Classifiers
% (]

ADV-RSO FURIA+BAG+RSO C4.54+BAG-+RSO RF
Dataset Test err. Test err. Test err. Test err.
abalone 0.7391 0.7480 0.7681 0.7536
bioassay _688red 0.0091 0.0090 0.0090 0.0090
coil2000 0.0598 0.0601 0.0615 0.0597
gas_sensor 0.0076 0.0078 0.0089 0.0092
isolet 0.0697 0.0700 0.0788 0.0766
letter 0.0742 0.0743 0.0615 0.0701
magic 0.1274 0.1299 0.1255 0.1314
marketing 0.6597 0.6671 0.6735 0.6624
mfeat _fac 0.0401 0.0431 0.0498 0.0475
mfeat_fou 0.1849 0.1925 0.1902 0.1858
mfeat _kar 0.0700 0.0709 0.0818 0.0597
mfeat_zer 0.2119 0.2181 0.2273 0.2330
musk?2 0.0299 0.0320 0.0271 0.0375
optdigits 0.0272 0.0282 0.0276 0.0277
pblocks 0.0308 0.0338 0.0327 0.0332
pendigits 0.0124 0.0132 0.0150 0.0162
ring norm 0.0282 0.0315 0.0376 0.0587
sat 0.0969 0.1001 0.0950 0.1027
segment 0.0239 0.0295 0.0328 0.0350
sensor_read_24 0.0210 0.0233 0.0234 0.0224
shuttle 0.0005 0.0009 0.0009 0.0009
spambase 0.0581 0.0639 0.0651 0.0625
steel_faults 0.2238 0.2361 0.2263 0.2517
texture 0.0261 0.0274 0.0334 0.0383
thyroid 0.0206 0.0218 0.0222 0.0221
two_norm 0.0271 0.0276 0.0280 0.0389
waveform _noise 0.1432 0.1457 0.1643 0.1556
waveform 0.1418 0.1453 0.1588 0.1587
wquality_white 0.3720 (0.3803 0.3688 0.3864
FI avg. 0.1220 0.1252 0.1274 0.1292 sion
48 dev. 0.1807 0.1829 0.1852 0.1830 Oscar Cordon




- @ 4. Evolutionary Multiobjective Selection of the Component Classifiers
L

ADV-REO BB AL REC Hy
Diataset Test err. Test err. Test err.
abwlone (1.7391
b vedd

P norin

IRE V0 )

(L2358
3.0210
(L. G005
.05681

Ranking

ADV-RSO
FURIA+BAGH+RSO
C4.54+BAG+RSO
RE

1.379
2.655
2.900
3.069

0.0271 0.
0.0276 £
(ousy ERIEN ¥
ULEG a2
Comparison p-value
ADV-RSO vs RF +(1.87e-6)
ADV-RSO vs C4.5+BAG+RSO +(1.53e-5)
+(1.68e-4)

ADV-RSO vs FURIA+BAG+RSO

{12288 (.
0281 .
G020 {
L0271 i
{11432 i
wavelorm 0.1418 %
wouality.white 5720 i
Fl ava. 0, 1220 1 sion
(3.1807 R BN

49 dev.
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-

STAGE 1: FRBMCS DESIGN

~

FROM CLASSICAL ML

APPROACH
4 N
STATIC:
Bagging l<
F. 5. FURIA
Bagging + F.5.
y

-

STAGE 2: EVOLUTIONARY
COMPONENT CLASSIFIER

COMBINATION

DYNAMIC:

RO + FURIA

N

50

CLASSIFIER SELECTION:

EMO

ocs

CLASSIFIER SELECTION
AND FUSION:

Interpretable GFS

FRBCE Framework using Diversity Induction and EA-based Classifier Selection/Fusion
IWANN 2013. June, 12-14, Tenerife (Spain)
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@ 5. Classifier Selection & Fusion via an Interpretable Genetic Fuzzy System
i A &

OVERVIEW . _ _
¢~ Accuracy and complexity can be both improved by developing a

combination method involving joint classifier selection and fusion

e Using a fuzzy linguistic system for this task would provide some

interpretability about the classifier fusion method operation
3. FRBCE Design
from Classical ML o ) )
Approaches ¢ We will introduce the use of a FRBCS-based combination
method (FRBCS-CM):
* E'::In?psoﬂ:ﬁi'on of s Combining classifier fusion and classifier selection at class level
Classifiers « Working on any classifier with class certainty degrees
5. Classifier ¢« Showing a human-understandable structure
Selection and ) . . . . .
S o B ¢ Being automatically learned from training data using a genetic
znt;rpretable algorithm (GA) — genetic fuzzy system
F
« FRBCE-specific: Two-level hierarchical structure with component
6. Conclusions FRBCSs in the 1stlevel and the FRBCS-CM in the 2" (stacking)

FRBCE Framework using Diversity Induction and EA-based Classifier Selection/Fusion
51 IWANN 2013. June, 12-14, Tenerife (Spain) Oscar Corddn



@ 5. Classifier Selection & Fusion via an Interpretable Genetic Fuzzy System
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OVERVIEW

3. FRBCE Design
from Classical ML
Approaches

4. EMO Selection of
Component
Classifiers

5. Classifier
Selection and
Fusion via an
Interpretable
GFS

6. Conclusions

Component
Cl. 1

RULE BASE

Component

Component
Cl. 2 Cl. 3

Component
Cl. 4

IF xis A1 THEN class C1 WITH CF1
IF xis A2 THEN class C1 WITH CF2

TO CLASSIFY x ?

Certainty degree
for class 1,

Certainty degree
for class 2,

52

All rules for class 1

IF x is Ai THEN class C2 WITH CFi
IF x is Ai+1 THEN class C2 WITH CFi+1

All rules for class 2

Etc.

(for each individual classifier)
R (x)=V(CF;- A, (x))

Only from rules coding for class 1

Rz ()C) = V(CFJ ' Aj (x))

Only from rules coding for class 2

SO, WHICH CLASS ?

argmax,_ R.(x)

..... #classes }

FRBCE Framework using Diversity Induction and EA-based Classifier Selection/Fusion

IWANN 2013. June, 12-14, Tenerife (Spain)

Oscar Cordon
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- @ 5. Classifier Selection & Fusion via an Interpretable Genetic Fuzzy System
[

OVERVIEW

Component
Cl.

Component Component

Classifier selection:

IF (Classifier 1 says that class is 1)
— or (Classifier 4 says that class is 1)

. Proposed
Framework <

3. FRBCE Design .
from Classical ML THEN class is 1
Approaches hary matrix b,
. I * Size: #classes x #classifiers
X is class i o d
4. EMO Selection of IF x is Ai+1 THEN class C2 WITH CFi+1 2"¢ level of our system
Component
Classifiers o
BIN
TO CLASSIFY - 1(?@? each Rclassl \/(bck . CFJ . Aj (x))
5. Classifier o
Selection and ifiiz?f%m Kx) = A W SO, WHICH CLASS ?
Fusion via an | 1> ------------ 0
Interpretable For each nly from fel coding ?@g ss 1 T8 MAX (1 sorasees) K (X)
GFS class (). delasses ) 1Y

Certainty degred

R,(x)=v(CF,-A (x))
for class 2, ,,

HEE WW‘;III HENR

Only from rules coding for class 2

6. Conclusions

FRBCE Framework using Diversity Induction and EA-based Classifier Selection/Fusion
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(]

<

OVERVIEW
- Component Component Componen Comnonen
Cl. 1
2. Proposed Classifier selection and fusion:

IF (Classifier 1 says that class is 1 with w,,=0.5)

Framework <
— or (Classifier 4 says that class is 1 with w,,=0.3)

3. FRBCE Design .
from Classical ML — THEN class is 1 d
157 C
Approaches s A2 THER oF 62 e - Size: #classes x #classifiers
IF x is Al THEN class C2 WITH CFi ' . 2nd | of our system
Component Eic.
Classifiers )
y | WEIGHT _ . .
Hebasilt, B R =V (W, CF;-A;(X))

5. Classifier > .
- Certainty degrec
Selection and for class 1,

Fusion via an FOI‘ each

SO, WHICH CLASS ?

Interpretable v SELECTION
GFS class | B : +
Certainty degree R,(x)=v(CF,-A (x)) FUSION

f@?@%%gggi EEE WW EEm EEm

Only from rudes coding for class 2

6. Conclusions

FRBCE Framework using Diversity Induction and EA-based Classifier Selection/Fusion
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L (]

<

OVERVIEW .
The weights are learnt by a GA:
0.5 0.0 0.0 0.3
" Framework 0.1 0.0 0.2 0.0 GA

3. FRBCE Design
from Classical ML

Approaches Constraint: the percentage of w, # 0 is defined by the user,
thus selecting the desired accuracy-complexity tradeoff

4. EMO Selection of
Component
Classifiers

5. Classifier Chromosome representation: coding for a sparse matrix

Selection and

Fusion via an

Interpretable 0.5 0.0 0.0 0.3 -
GFS (1,1 | (1,4) | (2,1) | (2,3) [« Position

0.1 0.0 0.2 0.0
0.5 0.3 0.1 0.2 [=— Values Wy

6. Conclusions

FRBCE Framework using Diversity Induction and EA-based Classifier Selection/Fusion
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OVERVIEW

2. Proposed
Framework

3. FRBCE Design
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Initial population: totally

random

a1 | 19

1) | (3)

0.5

Crossover:

REVIINCEN
0.8 0.7

22 | [\ 3.9
0. 0.

(1,1) (1,4) (2,1) (2,3)
0.8 0.7 0.9 0.4
(1,3) (2,1) (2,2) (3,4)
0.5 0.3 0.1 0.2

Mutation: random mutation of a value or the full chromosome

56

Smallest
classifica
margin

SQUARES

tion

O
a

O

O
Iargest\‘; M
error N
margin /
0

IWANN 2013. June, 12-14, Tenerife (Spain)

Fitness function:

a lexicographic order of:

1) Training error e
2) Error margin m,
)

3) Classification margin m,

FRBCE Framework using Diversity Induction and EA-based Classifier Selection/Fusion
Oscar Cordon
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OVERVIEW

. FRBCE Design
from Classical ML
Approaches

. EMO Selection of

Component
Classifiers

. Classifier

Selection and
Fusion via an
Interpretable
GFS

. Conclusions

MCS design methodology

Any MCS method deriving component classifiers with a certainty
degree (bagging FURIA-based fuzzy MCS in this contribution)

i

]

1 1 2 2 2 I k k
C;: R, i C: R, R, ... R}, C: R, Ry ... R},
: “FURI : FURIA k : : FURI
G o R, G & B .58, Gt i1 o

FRBCS-CM (GFS)

GFS combination method

- Classifier Fusion

- Classifier Selection

Hierarchical fuzzy RB:
R,: If member, (w,) says that Classis 1 or...
member, (w,, ) says that Class is 1

.Rnlz If member, (w, ,) says that Class is n_ or...
member, (w_,) says that Class is n_

57

4.260. Cat: CS, Al. O: 5/111. Q1

FRBCE Framework using Diversity Induction and EA-based Classifier Selection/Fusion
IWANN 2013. June, 12-14, Tenerife (Spain)

@& 5. Classifier Selection & Fusion via an Interpretable Genetic Fuzzy System

K. Trawinski, O. Cordon, L. Sanchez, A. Quirin. A Genetic Fuzzy Linguistic Combination Method for
Fuzzy Rule-Based Muilticlassifiers. IEEE Transactions on Fuzzy Systems (2013), to appear. IF 2011:
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&

-

OVERVIEW Data set #examples #attr. #classes
Low dimensional:
. abalone 4178 7 28
Considered UCI datasets: breast 200 9 5
glass 214 9 7
Framework . YT heart 270 13 2
¢ Significant number of magic 19020 10 5
datasets considered: 20 pblocks 5474 10 5
3. FRBCE Design phoneme 5404 5 2
from Classical ML ) . . ) pima 768 g o)
Approaches s Every attribute is continuous wine 178 13 3
yeast 1484 8 10
4. EMO Selection of | o From small to large number | High dimensional:

Component ionosphere 352 34 2
Classifiers of features (64), classes optdigits 5620 64 0
(28), instances (19020) pendigits 10992 16 10
sat 6436 36 6
5. Classifier ) . segment 2310 19 7
Selection and e Pentium 2.4 GHz, 2 GB, 2-4 sonar 208 60 2
Fusion via an spambase 4602 57 2
Interpretable cores (Granada cluster) N 5500 10 ¥
GFS vehicle 846 18 4
waveform 5000 40 3

6. Conclusions Validation: Dietterich’s 5x2-fold cross validation

FRBCE Framework using Diversity Induction and EA-based Classifier Selection/Fusion
58 IWANN 2013. June, 12-14, Tenerife (Spain) Oscar Corddn



@ 5. Classifier Selection & Fusion via an Interpretable Genetic Fuzzy System
r 3 0

OVERVIEW
Parameter values:

s 50 bagging FURIA component classifiers generated

3. FRBCE Design o Steady-state GA with parameters: 100 individuals, 1000
;mm Classical ML generations, crossover prob. 0.6, mutation prob. 0.1
pproaches
4. EMO Selection of s % of weights = {1 Oo/o, 250/0, 500/0, 750/0, 900/0}
Component
Classifiers . . . .
s Wilcoxon test to find statistical differences
5. Classifier
Selection and e Test accuracy and #rules for a global comparison and
Interpretable some interpretability insights
GFS
6. Conclusions

FRBCE Framework using Diversity Induction and EA-based Classifier Selection/Fusion
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60

@ 5. Classifier Selection & Fusion via an Interpretable Genetic Fuzzy System
o

Methods considered for comparison:

« Bagging FRBCE full ensemble with standard Majority
Voting fusion method

s> Combination of state-of-the-art fusion:

s Majority Voting (MV), Average (AVG), and Decision
Templates (DT)

and selection methods:

s Greedy Forward (high reduction) and Backward selection
(low reduction)

o [Dimililer et al. 2009]: recent GA-based proposal
performing both classifier selection at class level and
classifier fusion (mid reduction)

FRBCE Framework using Diversity Induction and EA-based Classifier Selection/Fusion

IWANN 2013. June, 12-14, Tenerife (Spain) Oscar Corddn
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- @ 5. Classifier Selection & Fusion via an Interpretable Genetic Fuzzy System
o

<

fuzzy FRBCS-CM Greedy FS Greedy BS GA

Dataset MCSs 10% 25% 50% 75% 90%| MV AVG DT MV  AVG DT |Dimil.
Low dim.:

abalone 0.7458|0.7581 0.7537 0.7493 0.7470 0.7461|0.7524 0.7582 0.7610(0.7484 0.7524 0.7511|0.7494
breast 0.0409)|0.0472 0.0469 0.0452 0.0438 0.0432|0.0455 0.0418 0.0398(0.0412 0.0386 0.0372|0.0409
glass 0.282210.3159 0.2879 0.2832 0.2692 0.2710|0.2981 0.3271 0.3000(0.2832 0.2720 0.2776|0.3131
heart 0.1822|0.1785 0.1733 0.1719 0.1696 0.1696|0.1859 0.2015 0.1874(0.1778 0.1770 0.1674|0.1726
magic 0.1346)|0.1340 0.1314 0.1309 0.1302 0.1300|0.1329 0.1328 0.1323(0.1338 0.1326 0.1298|0.1336
pblocks 0.0288|0.0285 0.0265 0.0271 0.0268 0.0261|0.0282 0.0302 0.0296(0.0286 0.0269 0.0263|0.0402
phoneme 0.1332)10.1277 0.1252 0.1261 0.1256 0.1264|0.1260 0.1232 0.1258(0.1291 0.1271 0.1248|0.1301
pima 0.2385)|0.2492 0.2484 0.2411 0.2432 0.2424|0.2503 0.2516 0.2596(0.2385 0.2375 0.2414|0.2398
wine 0.0393)|10.0461 0.0382 0.0303 0.0404 0.0393|0.0629 0.0551 0.0607(0.0393 0.0371 0.0360|0.0348
veast 0.4008|0.4155 0.4054 0.3985 0.4034 0.4013)|10.4116 0.4142 0.4189|0.4011 0.3978 0.4018(0.4116
Avg. Low |0.2227|0.2301 0.2237 0.2204 0.2199 0.2196(0.2294 0.2336 0.2315|0.2221 0.2199 0.2193|0.2266
High dim.:

waveform 0.149210.1554 0.1490
Avg. High [0.1068(0.1108 0.1045
Avg. All 0.1647|0.1704 0.1641

.1503 0.1489 0.1479(0.1508
.1036 0.1025 0.1023|0.1075
.1620 0.1612 0.1609(0.1684

.1535 0.1533|0.1498 0.1468 0.1472|0.1532
1084 0.1109(0.1068 0.1023 0.1015|0.1111
1710 0.1712)|0.1644 0.1611 0.1604|0.1689

ionosphere [0.1459(0.1527 0.1413 0.1458 0.1430 0.1430|0.1584 0.1532 0.1646|0.1476 0.1430 0.1413|0.1464
optdigits 0.0329)|0.0337 0.0327 0.0327 0.0318 0.0313|0.0367 0.0352 0.0351|0.0329 0.0284 0.0279)|0.0721
pendigits 0.0156|0.0174 0.0152 0.0140 0.0140 0.0138|0.0171 0.0150 0.0162|0.0156 0.0129 0.0126(0.0160
sat 0.1021)0.1067 0.1027 0.0997 0.0986 0.1005(0.1044 0.1010 0.1005|0.1022 0.0967 0.0971]0.1040
segment 0.0336)|0.0334 0.0319 0.0304 0.0316 0.0302|0.0318 0.0326 0.0336|0.0330 0.0309 0.0306)0.0345
sonar 0.2269)0.2404 0.2183 0.2077 0.2077 0.2058|0.2163 0.2337 0.2452|0.2260 0.2183 0.2163(0.2231
spambase 0.0587(0.0569 0.0559 0.0555 0.0539 0.0546|0.0576 0.0573 0.0574|0.0579 0.0554 0.0549)|0.0574
texture 0.0307)|0.0343 0.0312 0.0304 0.0291 0.0285|0.0343 0.0330 0.0336|0.0308 0.0268 0.0270)0.0325
vehicle 0.272610.2773 0.2664 0.2690 0.2664 0.2674|0.2671 0.2690 0.2693|0.2723 0.2641 0.2600|0.2721

0 0

0 0

0 0

FRBCE Framework using Diversity Induction and EA-based Classifier Selection/Fusion
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L

fuzzy FRBCS5-CM sreedy D Greedy BB LY

Dataset MCSs 10% 25% 50% 7T5% 90% | Wi AVG D MY OAVO D0 Diail.
Low dim.:

abalone 0.7458[0.7581 0.7537 0.7493 0.7470 0.7461|0. 0.7582 0.7610|0.7484 0.7524 0.7511[0.7494
breast 0.0409(0.0472 0.0469 0.0452 0.0438 0.0432|0. 0.0418 0.03980.0412 0.0386 0.0372[0.0409
glass 0.2822(0.3159 0.2879 0.2832 0.2692 0.2710}0.- 0.3271 0.3000]0.2832 0.2720 0.2776/0.3131
heart 0.1822(0.1785 0.1733 0.1719 0.1696 0.1696| 0. 0.2015 0.1874|0.1778 0.1770 0.1674]0.1726
magic 0.1346(0.1340 0.1314 0.1309 0.1302 0.1300]0. ) 0.1328 0.1323/0.1338 0.1326 0.1208|0.1336
pblocks 0.0288(0.0285 0.0265 0.0271 0.0268 0.0261|0. 2 0.0302 0.0296]0.0286 0.0260 0.0263]0.0402
phoneme 0.1332(0.1277 0.1252 0.1261 0.1256 0.1264|0.1260 0.1232 01258 0,1201 0. 1271 0.1248 0.1301
pima 0.2385(0.2492 0.2484 0.2411 0.2432 0.2424|0.2503 0.2516 0.25960.2385 0.2375 0.24140.2398
wine 0.0393(0.0461 0.0382 0.0303 0.0404 0.0393|0. 0620 0.0551 0.0607 0.0395 00571 0.0360 0.0348
yeast 0.4008(0.4155 0.4054 0.3985 0.4034 0.4013|0. 4116 0. 4142 04180 0.4011 03078 04018 04116
Avg. Low [0.2227[0.2301 0.2237 0.2204 0.2199 0.2196|0.2204 0.2336 0.2315 0.2221 0.2100 0.2193[0.2266
High dim.:

ionosphere [0.1459[0.1527 0.1413 0.1458 0.1430 0.1430|0. 1581 01552 01646 0.1176 01450 0141301164
optdigits 0.0329(0.0337 0.0327 0.0327 0.0318 0.0313|0. 0567 0.0352 0.0351 0.0320 00284 0.0270 0.0721
pendigits [0.0156|0.0174 0.0152 0.0140 0.0140 0.0138|0.0171 0.0150 0.0162 0.0150 0.0120 0.01260.0160
sat 0.1021(0.1067 0.1027 0.0997 0.0986 0.1005|0. 1044 0. 1010 01005 0.1022 0.0067 0.00710.1040
segment 0.0336(0.0334 0.0319 0.0304 0.0316 0.0302|0. 0318 00326 0.0336 0.0330 0.0300 0.0306 0.0345
sonar 0.2269(0.2404 0.2183 0.2077 0.2077 0.2058|0.2163 0.2337 0.2452 0.2260 0.2183 0.2163 0.2231
spambase |0.0587[0.0569 0.0559 0.0555 0.0539 0.0546|0. 0576 00573 00574 00570 0.0554 0.0540 0.0574
texture 0.0307(0.0343 0.0312 0.0304 0.0291 0.0285|0.0343 00330 0.0336 0.0308 0.0268 0.0270,0.0325
vehicle 0.2726(0.2773 0.2664 0.2690 0.2664 0.2674|0.2671 0.2690 0.2603 0.2723 0.2641 0.2600 0.2721
waveform [0.1492[0.1554 0.1490 0.1503 0.1489 0.1479|0. 1508 0. 1535 0.1533 0.1408 0. 1468 0.1472]0.1532
Avg. High [0.1068[0.1108 0.1045 0.1036 0.1025 0.1023|0. 1075 0. 1054 00100 01065 01025 0. 1016 00111
Avg. ANl [0.1647[0.1704 PITEHT PITE20 PET6 T8 PrABOS] 0. (651 0. 1710 0.1712/0.1644 0.1611 0.1604[0.1680

FRBCE Framework using Diversity Induction and EA-based Classifier Selection/Fusion
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FRGCS-CM Greedy IS Greedy BS TA

Dataset 10% 25%| s50% 75%  00%| MV AVG DT | MV AVG DT | Dimil
Low dim.:

abalone (.7455]0.7581 0.7537 |0.7405 0.7470 0.7461]|0.7524 0.7582 0.7610[0. 7454 0.75624 0.7611 0.7404
breast 0.0400/0.0472 0.0469 |0.0452 0.0438 0.0432[0.0455 0.0418 0.0398|0.0412 0.0386 0.0372 0.0409
glass 0.2222]0.3159 0.2879|0.2832 0.2602 0.2710[0.2981 0.3271 0.3000|0.2832 0.2720 0.2776 0.3131
heart 0.1522]0.1785 0.17330.1710 0.1606 0.1696]|0.1859 0.2015 0.1874|0.1778 0.1770 0.1674 0.1726
magic 0.1346]0.1340 0.1314 0. 1309 0.1302 0.1300]0.1329 0.1328 0.1323|0. 1338 0.1326 0.1208 0.1336
pblocks 0.0285]0.0285 0.0265 [0.0271 0.0268 0.0261]0.0282 0.0302 0.0296|0.0286 (.0260 0.0263 0.0402
phoneme LIa5210.1277 0.1252 0 1261 012506 0.126410.1260 0.1232 01258 0. 1291 1271 01248 0.1301
pima (1.2355]0.2492 0.2484 |0.2411 0.2432 0.2424]0.2503 0.2516 0.2596|0.2385 0.2375 0.2414 0.2308
wine 0303]0.0461 0.0382|0.0303 0.0404 0.0393]0.0629 0.0551 0.0607|0.0303 0.0371 0.0360 0.0348
yeast 105]0.4155 0.4054 |0.2985 0.4034 0.4013]0.4116 0.4142 0.4189|0.4011 0.3978 0.4018 0.4116
Avg. Low 227]0.2301 0.2237|0.2204 0.2100 0.2106]0.2294 0.2336 0.2315|0.2221 0.2100 0.2103 0.2266
High dim.:

ionosphere (. 1450[0.1527 0.1413 |0. 1455 0.1430 0.1430]0.1584 0.1532 0.1646[0. 1476 . 1450 0.1415 0.1464
optdigits | 0.0320]0.0337 0.0327|0.0327 0.0318 0.0313]0.0367 0.0352 0.0351|0.0320 0.0284 0.0279,0.0721
pendigits | 0.0156]0.0174 0.0152|0.0140 0.0140 0.0132]0.0171 0.0150 0.0162|0.0156 0.0129 0.0126 0.0160
sat 0.1021]0.1067 0.1027 |[0.0007 0.0086 0.1005]0.1044 0.1010 0.1005|0.1022 0.0967 0.0971 0.1040
segment 0.0236/0.0334 0.0319|0.0304 0.0316 0.0302[0.0318 0.0326 0.0336|0.0330 0.0300 0.0306 0.0345
sonar 0.2260]0.2404 0.2183 |0.2077 0.2077 0.2058|0.2163 0.2337 0.2452|0.2260 0.2183 0.2163 0.2231
spambase | 0.0587[0.0569 0.0559|0.0555 0.0539 0.05460.0576 0.0573 0.0574|0.0579 0.0554 0.05409 0.0574
texture 0.02307]0.0343 0.0312[0.0304 0.0201 0.0285]0.0343 0.0330 0.0336|0.0308 0.0268 0.0270 0.0325
vehicle 0.2726]0.2773 0.2664 |0.2600 0.2664 0.2674]0.2671 0.2690 0.2693|0.2723 0.2641 0.2600 0.2721
waveform | 0.1492]0.1554 0.1490|0.1503 0.1480 0.1479]0.1508 0.1535 0.1533|0.1498 0.1468 0.1472 0.1532
Avg. High (. 1 005]0.1108 0.1045 |, 1036 0. 1025 0.1025]0.1075 0.1084 0.1109[0. 1068 0. 1025 01015 01111
Avg. ATl |0 1017[0.1704 0.1620 0.1612 0.1600[0.1684 0.1710 0.1712|0.1644 0.1611 0.1604|0.1680
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- @ 5. Classifier Selection & Fusion via an Interpretable Genetic Fuzzy System
L

-

Tumm FRBOR-(PM {xready PH Greedy BS
Dataset BM{ORs 10% 2RY 50% 7T5% 90% | nW AN o MV  AVG DT
Low dim.:
abalone G.74548 1 0.7581 L7557 0.749310.7470 0.7461 0. 7024 07582 0.7610010.7484 0.7524 0.7511)0. 7494
breast o409 0. 0472 00400 004521 0.0438 0.043210. 04558 00418 0039510.0412 0.0386 0.0372)0 0400
glass 282210 01050 02870 4.255210.2692 027100 2081 02271 0.3000(10.2832 0.2720 0.2776)0. 521510
heart QU220 17THEE DL ITAS ié&?%@l@.lﬁgﬁ 0. 16960 1550 D 201s 0. 1=7410.1778 0.1770 0.1674)0. 1720
magic LLE340 0. 1840 01314 0. 1230910.1302 0.1300F0. 1329 Go1324 0.1 32510.1338 0.1326 0.1298)0 15530
pblocks LOZHES OO2RS 002080 0027 10,0268 0.0261 0. 0282 G.0302 0.0206[10.0286 0.0269 0.0263 )0 0402
phoneme 3321010877 §f§.f§ﬁ“a; 2 01861 0.1256 0.1264f0. L2060 O YN 25510.1291 0.1271 0.1248)0. 15301
pima BRI : : 0.2432 0.2424}¢ .. 0.2385 0.2375 0.2414)0. 2308
wine o.oN Q{ks&«au 3| 0.0404 0.0393|¢ 0.0393 0.0371 0.0360|0.034%
yeast (0.40080.4155 0.« SUk50.4034 0.4013 0.4011 0.3978 0.4018f0. 4116
Avg. Low |0 290 ke i 0,2 &2199 0.2196 0.2221 0.2199 0.2193]0.2266
High dim.: \I AR A A} \
ionosphere |00 0 .1430 ?Nﬁsg 0.1476 0.1430 0.1413)0 161
optdigits G059y L 0318 0.03 S 0.0329 0.0284 0.0279)0.0721
pendigits 0.015810.0174 G014 09140 0.0138) 0. 0.0156 0.0129 0.0126f0. 4140
sat L1021 0.10067 27 0.080710. 1 JS10.1022 0.0967 0.0971f0. 1040
segment D.0o2410.00884 519 0.0304] 0. S35610.0330 0.0309 0.0306 E? {3% 5553
sonar {1,272 1.24404 a.2077 0. 45210.2260 0.2183 0.2163110.
spambase 0587100569 50 0.0555 0. ! ERAE 0.0554 0.0549}<(
texture G.0307 10,0343 S12 008304 0.0343 0.0330 ﬁe@%ﬁﬂ 0.0268 0.0270
vehicle 0.272010.2773 0.2671 0.26900 0.206045 0.2600
waveform G.149210.1554 i LIN0E D108 5 1 525]10.1498 0. 0.1472
Avg. High O 106801108 %if?.ﬁ‘é iﬁfis{ 0.1025 0. U075 0.1054 0.1109]0.1068 0. 015
Avg. All Gisd 701704 Goi62000.1612 &@;Eﬁ@% o710 017 1210.1644 0.1611 {
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@ 5. Classifier Selection & Fusion via an Interpretable Genetic Fuzzy System
]

<

fumey FRBCS5-(}i: Growdy FS aroedy B35 GA
Dataset MO Es 10% 25% 50% TR O0% 0 MY ANG o AW AN 07 I Dimil.
Low dim.:
abalone
breast
glass
heart
magic
pblocks
phoneme ; ;
pima (.238510.
wine G.039310.
yveast Doatis .
Avg. Low {22270
High dim.:
ionosphere
optdigits
pendigits
sat
segment
sonar
spambase
texture
vehicle
waveform
Avg. High
Avg. All 0.

=
1

LTHE1)0.7537
0.0472] 0.0469
LA1ED 0.2879
GLETES0.1733
G.134000.1314
P 0.0265
0.1252
0.2484
0.0382
0.4054
| 0.2237

749307
.0452

B.TA0L 0.7V 5R4 0.7F i
O.0432 00455 0,04 i
L2832)140. 32710 0.2081 0.3271 0.
L1T19)0. PGS DUIEED 02008 0
130901502 0000 01820 01828
02710 BLO261 DL02E2 0.0302 0.1
.1261|0 FIE64 1260 0.1232 O
L2411 ¢ 2 0.242410.2503 0.2516
0303} 4 OS85 0La8388 00551
.3985 3A0I3 0. 4116 0.4142
L2204 D.232%d ,2350

3.7484 0,
D.0412
0
N

o

#

-

)
DR R

o,
§
e
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10.0409
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300.0402
40.1301
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40.4116
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- @ 5. Classifier Selection & Fusion via an Interpretable Genetic Fuzzy System
(]

<

fuzzy FRBCS-CM Greedy FS Greedy BS GA

Dataset MCSs| 10% 25% 50% 5%  90%| MV @ AVG DT MV  AVG DT |Dimil
Low dim.:

abalone 3990.9(398.2 995.7 1996.9 2083.6 3578.411211.0 1047.6 1037.7|2711.3 3306.9 3398.7|2391.9
breast 435.2| 46.1 110.9 217.0 326.2 391 33.0 25.7 24.11 415.9 426.6 427.4| 221.1
glass 590.3| 57.4 140.6 280.9 434.4 528 88.7 43.6 54.7 560.5 576.4 5T77.5| 173.8
heart 466.01 49.4 120.3 235.3 352.6 421 48.9 35.7 33.4| 444.6 455.7 454.7| 221.1
magic 3882.1(421.0 968.3 1965.6 2969.9 3475.8| 528.2 424.6 417.3|2247.8 3203.6 331912123.6
pblocks 1329.41131.2 328.9 628.1 967.8 1182.2| 248.2 108.9 106.1 1259 1288 1297.3| 314.1
phoneme 2197.3(241.7 BH87.8 1132.5 1679.0 2000 493.2 381.1 339.4|1442.8 2046 2049.4) 996.9
pima 1050.91110.9 260.7 530.1 7T82.4 946 239.3 149.4 118.1 957 1025 1027.7 530
wine 231.4) 23.7 57.9 116.4 172.7 208 9.1 6.8 6.2 222.4 226.9 226.9 71.2
yveast 2449.0(260.8 630.9 1198.4 1825.1 2198.4| 511.5 389.5 434.9(1901.3 2296.7 2291.9| 902.4
Avg. Low |1662.3|174.0 420.2 831.0 1249.4 1492.8| 341.1 261.3 257.2(1216.3 1485.2 1507.1| 794.6
High dim.:

ionosphere 367.7T| 3a7.8 95.4 211.0 279.8 334 27.0 22.2 24.4| 353.3 361.2 360.6]| 190.3
optdigits 3584.6(359.2 893.5 1T787.7 2678.8 3227.2| 652.7 428.7 423.7|33098.5 3513.8 3513.1| 661.5
pendigits 4395.3(448.8 1098.1 2208.7 3299.9 3964.3| 892.1 569.8 470.8|4167.2 4306.4 4307.5|1874.6
sat 4207.2(427.2 1046.9 2107.2 3128.1 3762.8|1214.0 7T28.7 800.6|3575.2 4006.8 405511431.9
segment 1175.3|130.1 290.9 593.4 876.9 1051.4| 165.6 109.2 86.7|1100.5 1151.3 1151.4| 414.2
sonar 319.3| 32.4 820.4 162.0 240.0 288 24.4 22.9 19.8| 306.4 312.1 311.9| 158.8
spambase 2220.9(2290.0 557.2 1115.5 1661.7 2002.6| 340.7 286.1 202.8|2135.5 2152.4 2139.8 1026
texture 2012.2(1300.1 716.6 1458.8 2175.0 2610.9| 433.6 333.8 352.5|2759.8 2852.9 2852.8|1240.4
vehicle 1415.3|154.3 380.4 735.3 1075.3 1283 364.1 173.3 193.4(1304.7 1387.6 1380 425.7
waveform 3484.3|354.0 861.5 1749.8 2601.2 3137.6|1355.9 7T53.1 7T27.1|3125.9 3408.3 3381.1| 828.9
Aveg. High [2408.2|247.3 602.1 1212.9 1801.7 2166.1| 547.0 342.8 339.2(2222.7 2345.3 2345.3| 825.2
Avg. All 2035.2(210.7 511.1 1022.0 1525.5 1829.4| 444.1 302.0 298.2|1719.5 1915.2 1926.2| 809.9
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@ = a4 o - = O
- @ 5. Classifier Selection & Fusion via an Interpretable Genetic Fuzzy System
L

-

fuzzy FRBCS-CM srooedy P sreedy BE

Dataset MCSs| 10% 25% 50% 5%  90%| MV 0 AVE DT MV AVG DT

Low dim.:

abalone 3900.9(398.2 995.7 1996.9 2083.6 3578.4) 121 1047.8 10877 2T11.0 33068.0 33087 2391.0
breast 435.2| 46.1 110.9 217.0 326.2 391 25.7 4.1 415.9 oA .4 22101
glass 590.3( 57.4 140.6 289.9 434.4 528 £3.6 54.7 560.5 27750 1V3.8
heart 466.0( 49.4 120.3 235.3 352.6 421 2507 A3.4] 444.6 454.7 221.1
magic 3882.1(421.0 968.3 1965.6 2069.9 3475.8 Zood24.6 4175122478 320380 SE1012123.6
pblocks 1329.41131.2 328.9 628.1 967.8 1182.2 IEANEN RSO0 B RO | 1259 i2ss 1207.30 3141
phoneme 2197.3(241.7 5HB7.8 1132.5 1679.0 2000 L2 AELY 3394 144280 2040 2049.40 906.9
pima 1050.91110.9 260.7 530.1 7T82.4 946 L3 494 i BaT TO2E 10uT.Y 5340
wine 231.4) 23.7 57.9 116.4 172.7 208 i | 5 doo22d.4 2260 2260 T1.02
yveast 2449.0(260.8 630.9 1198.4 1825.1 2198.4 L5 3BRU.E 434.9 1801.3 20067 d281.97 Li2.4
Avg. Low |1662.3(174.0 420.2 831.0 1249.4 1492.8 L EeL. 2bET. lele s L4sb2 150V T4 b
High dim.:

ionosphere 367.7| 37.8 95.4 211.0 279.8 334 27.0 22.2 ddoa] 3533 3612 360.G0 190.3
optdigits 3584.6(359.2 803.5 1T7T87.7 2678.8 3227.2) 4527 4287 42327 33985 35138 35131 661.5
pendigits 4395.3 (448.8 1098.1 2208.7 3299.9 3964.3| =0z 1 50608 4708 L2 4300.4 4307.5 1874.8
sat 4207.2(427.2 1046.9 2107.2 3128.1 3762.8) 12140 Tax.7  BOL.G L2 ate. s AGES 14810
segment 1175.3|130.1 290.9 593.4 876.9 1051.4] L4 1082 RO B 11613 1156140 414.2
SOnAar 319.3| 32.4 820.4 162.0 240.0 288 22.9 188 A A1k 1685
spambase 2220.9(229.0 557.2 1115.5 1661.7 2002.6 IO A D Lo 2l hEA 326
texture 2012.2(1300.1 716.6 1458.8 2175.0 2610.9 333.8 52.5 & L
vehicle 1415.3|154.3 380.4 735.3 1075.3 1283 173.3 193.4 T
waveform 3484.3|354.0 861.5 1749.8 2601.2 3137.6] L A ThEALL TEV.LIB125.u <L
Avg. High |2408.2(247.3 602.1 1212.9 1801.7 2166.1) 5470  S342.5 55002 2008 e
Avg. A1l |2035.2 [FT0F] [BTTH [0S0 0 IS8 S 880 (i | 5020 208217105 10152 9
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- @ 5. Classifier Selection & Fusion via an Interpretable Genetic Fuzzy System
L

P FROCS-CM Greedy FS Groody BS GA

Dataset ; 10% 25% 5O% TH% Sl MV AVG DT Y ANV IR AR B RIS B
Low dim.:

abalone 308.2 0995.7T)1006.0 20836 A57E.411211.0 1047.6 1037.7 27110 S3308.8 33087 238918
breast 46.1 110.9) 217.0 3262 391 33.0 25.7 24.1) 415.8 4266 427.4 0 221.1
glass 57.4 140.6| 254.4 88.7 43.6 54.7T) 5u00.5 &78.4 LHTT.H 1738
heart g 49.4  120.3) =555 48.9 35.7 33.4| 444.6 4557 4bal¥ ) 22lld
magic sasz.if421.0 968.3|1065.6 528.2 424.6 417.3|2247.8 3203.6 3310 2123.6
pblocks 15 A1131.2  328.9| ciZs. 248.2 108.9 106.1 1259 1288 1287.3 ’%E»ﬁ% 1
phoneme LEOV.241.7  B8T.8|LinE 5 4903.2 381.1 339.4)1442.8 2040 2040 4 336§
pima OS2I 110.9  260.7| S5 239.3 149.4 118.1 57 1025 10277 BAD
wine L4y 23.7 57.9] 1l6.4 9.1 6.8 6.2] 222.4 22069 2269 T2
yveast 24400 260.8  630.9) 1 10n.4d 511.5 389.5 434.9)1901.3 22007 2201.49 9024
Avg. Low |16062.3)1174.0 420.2| #31.¢ 341.1 261.3 257.2)1216.3 1485.2 1507V.1, To4.6
High dim.:

ionosphere 37.8 95.4 22:%33,@ . S84 27.0 22.2 24.4| 25553 2612 N
optdigits H359.2 BO3.5|LTRTV.Y s LOZ2T. 2| 652.7T  428.7 423.T|3305.5 35158 LB
pendigits 448.8 1098.1)2205.7 3498.0 3064.3] 892.1 569.8 4T0.8|4167.2 4308, 4 L
sat 427.2 1046.9 21072 31280 8762.581214.0 T28.7 800.6|3575.2 40088 .G
segment 130.1 290.9| 5034 2760 10514 165.6 109.2 BO.T 11008 11513 L2
sonar 32.4 80.4) 1620 2400 LEE 24.4 22.9 19.8) 306.4 3121 5
spambase 220.0 B5T.211115.5 1681.7 2002.6]1 340.7 286.1 202.8|2135.5 2154.4 26
texture 300.1 7T16.6)1458. 8 21750 201049 433.6 333.8 352547508 28520 ik
vehicle 154.3 380.4| 7iLH.3 10753 LEsa) 364.1 173.3 193.4) 15047 LasT.4 LT
waveform 354.0 861.5)1740.8 2001.2 3137, ia 1355.9 753.1 T2T7.1)|5125.49 w@e—%i}éﬂ,fﬁ% &
Aveg. High 247.3 602.1)1212.9 IR8OL.7 2166 547.0 342.8 339.2 222 P S
Avg. All 511. 11022 0 15250 1820 444.1 302.0 208.2)171 L2 G
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- @ 5. Classifier Selection & Fusion via an Interpretable Genetic Fuzzy System
L

-

FRECS- M Greedy FS Greedy BS GA

Dataset 109% 25% 5O 75% 90%] v AN o MV AVG DT Prignil,
Low dim.:

abalone TOLOLG 9 |2083.6 3578412110 104AT. 0 10T . VI2711.3 3306.9 3398.Tp 250100
breast 9 21T.00] 326.2 391 S50 25.7 240 415.9  426.6 427 .4) 2211
glass O Zrb.o) 434.4 D528 HET 45,6 54.7) 560.5 576.4 S5TT.5) 1745
heart g0 Z2nnh.a) 352.6 421 48,0 A5.7 S5l 444.6 455.7  454.7F 2211
magic L 1RG5 6 |2969.9 34T75.8) SuUEE dud o 41T 0)2247.8 3203.6 3319y 212086
pblocks LB 2R 967.8 1182.2) 2482  10s.0 1001 1259 1288 12907.3) Si4.1
phoneme S 1679.0 2000 483.2 381,17 339.411442.8 2046 2049.4f G460
pima L7 TE2.4 946)] 239.3 149.4 1181 957 1025 1027.7 H3
wine e 172.7 208 3.1 G.H .2 222.4 226.9 226.9 Ti.2
yveast g A1825.1 2198.4) H11.5  A84.5  454.0901901.3 2296.7 2291.9) o024
Avg. Low | 164820 174.0 420.2 1249.4 1492.8) G411 24610 Z57.2011216.3 1485.2 1507.1) 744.6

High dim.:

ionosphere S67.71 AT.R 0.4 279.8 334 B 2441 353.3 361.2 360.6
optdigits 3584.6|359.2 803.5 2678.8 3227.2 7 123.7|3398.5 3513.8 3513.1
pendigits 4305.3|448.8 1098.1 29 3200.9 3964.3] =021 170.8|4167.2 4306.4 4307.5} 1874.6
sat 4207.21427.2 1046.9 21 3128.1 3762.8)12141.0 £00.6|3575.2 4006.8 4055} 1131.0
segment 1175.3/130.1  200.9 5 876.9 1051.4 6 “6.711100.5 1151.3 1151.4 <
sonar 319.3] 32.4 80.4 16 240.0 288 A 1o.2| 306.4 312.1 311.9
spambase |2220.0[220.0 B557.2 111 1661.7 2002.6 7 202.2]2135.5 2152.4 2139.8) 10
texture 2012.21300.1 716.6 1458.8[2175.0 2610.9 6 352.5]2759.8 2852.9 2852.8) 12
vehicle 1415.3]154.3 380.4 735.2|1075.3 1283] 364.1 193.101304.7 1387.6 1380
waveform | 34%4.3 354.0 861.5 1740.2]|2601.2 3137.6) 13550 727.113125.9 3408.3 3381.1

Avg. High |2 i05. 0 2174 G021 1212.01801.7 2166.1 70 900 2]2222.7 2345.3 2345.3

Avg. All__ 20350 0107 5in1 1oue 0 iS85 1829.4 1 202 2l1719.5 1915.2 1926.2) =000
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@ 5. Classifier Selection & Fusion via an Interpretable Genetic Fuzzy System
]

<

fumey FRBCS-¢" 1 areedy FS Groedy BH GA
Dataset MOS5s | 10% 25% 50% TEYG 307 B ANG o LAY AN 7 | Dimil
Low dim.:

£
ko
£
™
5
N

abalone 905.7 1996.912083.6 3578.41211.0 1047Y.6 1037.712711.3 2306.9 3398.7|12301.90
breast 2 110.9 217.0f =262 291 43.0 25.7 24.10 415.9  4206.6 427 .4] 221.1
glass ] 140.6 289.9] 434.4 B2H HELT 43.0 H4.7) 560.5 V6.4 5VT.5)| 173.8
heart 3.3 120.3 235.3] #52.0 421 AE. U 35.7 G340 Ad44d.6 0 4bB5.0T AbdT) 221.1
magic 3 968.3 1965.6 20080 J4T50. 0 Bus. 2 4246 4173 24T 8 JU05.8 S31812123.6
pblocks 3.4 328.9 628.1) 9a7.8 1182.2 2482 108.8 1061 14549 1988 1297.3] 314.1
phoneme .3 7] B87.8 1132.51a7V4.0 2000 403.2 I381.1 330414428 2040 204D.4)] 0996.9
pima TOLGLe 11009 ) 26007 530.1 TeZ.4 46 2383 148.4 118.1 857 1425 10277 530
wine 231 .47 237 57.9 116.4| 1727 20 @1 6.8 8.2 222.4 326.9 226.9 T71.2
yveast 2449 01 260.8 1 630.9 1198.4)1825.1 2198.4, BI1.5 3L.B 434.911901.3 2298.7 2291.9| 902.4
Avg. Low |1662. 03 1740 | 420.2 831.0)124%.4 1492 8 5411 2615 257 2121463 L4852 1507.1] T794.6

High dim.:

ionosphere | 07.7 47 E| 954 211.0| 2705 0 24.4| 3533 361.2 360.6] 190.3
optdigits  |3584.6 /3502 | 893.5 1787.7|2675.8 2.7 423.7|3398.5 3513.8 3513.1| 661.5
pendigits | 4305.3]445.8 [1098.1 2208.7|3299.0 2.1 470.8{4167.2 4306.4 4307.5|1874.6
sat 4207.21427.2 [1046.9 2107.2[3128.1 0 800.6(3575.2 4006.8  4055/1431.9
segment 1175.31130.1 | 290.9 593.4| &#76.0 6 86.7(1100.5 1151.3 1151.4] 414.2
sonar 3193 22,4 80.4 162.0] 240.0 4 19.8| 306.4 312.1 311.9] 158.8
spambase | 2220.0/220.0 | 557.2 1115.5]1661.7 7 2092.8(2135.5 2152.4 2139.8] 1026
texture 2012.21300.1 | 716.6 1458.8]2175.0 6 352.5(|2759.8 2852.9 2852.8/1240.4
vehicle 311543 380.4 735.3[1075.5 1.1 193.4/1304.7 1387.6  1380] 425.7
waveform 3354.0 | 861.5 1749.8|2601.2 5.0 727.1]3125.9 3408.3 3381.1| 828.9
Avg. High 2[247.3602.1 1212.9|1801.7 : 7.0 330.2|2222.7 2345.3 2845.3] 825.2
Avg. All 210.7 BRI 1022.0] 15255 i 208.2]1719.5 1915.2 1926.2] 809.9
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l5 5. Classifier Selection & Fusion via an Interpretable Genetic Fuzzy System
o

FRBCS-CM FRBCS-CM FURIA
(sparse matrix (Fuzzy rule base for component (selected fuzzy rules of component classifiers)
obtained by the GFS) classifier fusion)
(c'k) W R,: Class1:
If member, (0.558) says that Class is 1 or E'# ”;f" ‘issa:“ :r:d" ‘?:A‘Th::gsaz;ﬁsll ":L‘ij;] Cg:_“f:ﬁ

(1,4) 0.558 member,; (0.72) says that Class is 1 or R:‘: If:is A:: theanZIasss  ionorm:
(1,13) 0.72 member,; (0.356) says that Class is 1 or R, If xis A, then Classis1 with CF=0.64
(1,23) 0.356 member,, (0.748) says that Class is 1 or Ry, If xis A;; andxis A, then Classis 1 with CF=0.95
(1,24) 0.748 member,, (0.044) says that Class is 1 R,u If xis Ay andxisA, then Class is 1 with CF=0.96
(1,48) 0.044 R,: R, Ifxis A; andxisA; then Class is 1 with CF=0.74

i member; 0:362] sy et Clas % 2] T
_ ", | member, (0.504) says that Class is 2 or
(2,3) 0.504 | member; (0.586) says that Class is 2 or
(2,5) 0.586 /| member,. (0.388) says that Class is 2 or
(2,15) 0.388 member,; (0.643 ) says that Class is 2

R,; If xis Ay then Class is 2 with CF=0.97
R;; If xis A; and x is A; then Class is 2 with CF=0.8

R;; If xis A and x is A; then Class is 2 with CF=0.97
R;; If xis A; and x is A, then Class is 2 with CF=0.82

(2,17) 0.643 R;: Ry If xis Ay, then Classis 2with CF=0.97

If member,, (0.703) says that Class is 3 or R,,; If xis A; and x is A, then Class is 2withCF=94
(3,10) 0.703 member,, (0.619) says that Class is 3 or Ry If xis A, then Classis 2with CF=0.96
(3,22) 0.619 members, (0.204) says that Class is 3 or glla'gs';_" A ENUx IS Ay ten ClBss 13 ZMEGE0.9
(3,32) 0.204 membery, (0.221) says that Class is 3 or Ry, Ifxis Ayand xis A; then Class is 3 with CF=0.94
(3,40) 0.221 member,, (0.458) says that Class is 3 R,, Ifxis A, then Classis 3 with CF=091
(3,48) 0.458 R, Ifxis A, and xis A3 then Class is 3 with CF=0.94

R,y If xis A; then Classis 3 with CF=0.9

R, Ifxis A then Classis3 with CF=0.93
R,y Ifxis A, then Classis 3 with CF=0.95
R, If xis A; then Classis 3 with CF=0.95
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An advanced framework to design FRBCEs using classical and
recent diversity induction methods and EAs has been presented

Different specific methods for the two CE design stages have
been proposed under the general umbrella

In particular, the proposal of an interpretable FRBCS-CM
performing joint classifier selection and fusion over any weight-
pased classifier constitute a very novel development

The obtained FRBCEs have shown to be competitive with state-
of-the-art classical Ces

The framework has been applied to solve a real-world topology-
based WiFi indoor localization problem

K. Trawinski et al. A multiclassifier approach for topology-based wifi indoor localization. Soft
Computing (2013), to appear. IF 2011: 1.880. Cat: CS, Int. App. O: 24/99. Q1
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