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ABSTRACT

Almost of machine learning are developed by assume that their training datasets are well-
balanced; however most of reé,l-world datasets are imbalance. So, the performance of machine
may be biases toward the majority class and may predict poorly for minority class.

XCS is one of the most powerful learning classifier systems. It combines reinforcement
learning and genetic algorithm to create a set of rules representing the extracted knowledge from
dataset. The main advantage of this system is to provide condition-action models that represent
human-readable patterns. However, not too much public have yet been studied in imbalance
dataset.

In this paper, we propose a novel technique to develop XCS deal with imbalance dataset.
The proposed technique uses adaptive parameter that are called perception rate for each rule to
provide balance learning between major and minor class. In additional, we propose the extend
time to applied genetic algorithm to regard the overgeneral problem. The experiment show that

the propose technique improve XCS to classify the dataset with height degree of imbalce classes.
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ol = n + n+l (325)
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Attributes
Dataset Name #Instances #Classes
binary | nominal { ordinal real
Balance-Scale 625 0 4 0 0 3
Breast Cancer Wisconsin 699 0 0 9 0 2
Diabetes 768 0 0 6 2 2
Heart-Statlog 270 3 3 1 6 2
Glass 214 0 0 0 9 7
Wine 178 0 0 0 13 3
Tao Grid 1888 0 0 2 0 2
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2) VAABIAIY XCS NNMIUSUAT GA threshold (XCS with adaptive GA
threshold)
3) NARBIAIY XCS ﬁﬁﬂﬁﬂ%ﬁﬁhﬁﬂﬂﬂﬁ?ﬂi (XCS with adaptive perception
rate)
4) waaeedin XCS #ilimsUSumdainisfuiias GA threshold (XCS with
adaptive perception rate and GA threshold)
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Accuracy of classification group label ‘1’
Imbalance X XCS with
XCS with
level Conventional XCS with ‘ adaptive
adaptive
XCS adaptive GA perception rate
perception rate
and GA
i=0 1.00 £ 0.00 1.00 £ 0.00 1.00 +0.00 1.00 £0.00
i=1 1.00 £ 0.00 1.00+0.00 1.00 +0.00 1.00 £ 0.00
i=2 1.00 £ 0.00 1.00+0.00 1.00 £ 0.00 1.00 £0.00
i=3 1.00 £0.00 1.00£0.00 1.00 £ 0.00 1.00 +0.00
i=4 1.00 + 0.00 1.00 +0.00 1.00£0.00 1.00 £ 0.00
i=5 1.00 +£0.00 1.00 +£ 0.00 1.00 £ 0.00 1.00 £ 0.00
i=6 0.80+0.20 0.80 £0.20 0.90 + 0.00 1.00+0.00T
i=7 0.00 % 0.00 0.00 + 0.00 0.80 +0.00 T 1.00 £ 0.00 T
i=8 0.00 £ 0.00 0.00 £0.00 0.05+0.15 1.00+0.00 T
i=9 0.00 = 0.00 0.00 £ 0.00 0.00 £ 0.00 1.00 £0.00 T1
i=10 0.00 £0.00 0.00 £ 0.00 0.00 +0.00 1.00£0.00 T
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1) MARBIAIY XCS 31ATFIU (Conventional XCS)
2) NABBIAIY XCS AliMIUTUAI8AII1N5TUF (XCS adaptive perception rate)
3) naavsdas XCS in5USumoan1ssudiing GA threshold (XCS adaptive
perception rate and GA threshold)
' 3 s o 1 < @ 1 dy o
Tumsnanedazassiinsdimuadianiizluntmeasuilugde 1 s1mua
o i [~ o '
fwauseudeyan 19 lunsinaewdiu so0 sengadoya I mdszannsveengiing
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XCS NUMsUiuA8AIIMIsuiung GA threshold madwinuanslumauiusgunisanna
NINARDIAIY 10-fold cross-validation technique A A Il eUVUUINTTIY (standard

deviation)
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Y 1

9 Ao ' T < kY ' 3/
wvzgaveyaniionsidiunylimugadaud 1 895 18un yadeya Breast Cancer

Wisconsin, Diabetes, Tao Grid, Balance-Scale-dist2, Balance-scale-dist3, Glass-dist1, Glassdist2,

Qs

. . . . - . 1 ! ! 3/ [
Wine-dist1, Wine-dist2 1482 Wine-dist3 Lmzﬂgm’fauaﬁﬁamm’mmm”luﬁn@auaaﬂ:ﬂmﬁaﬂ
¥
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{et @ 1 ] :/’ 1 Y ot .
wrzgadeyaiidasidmayhiougadud s uly 18ud gadoyn Balance-scale-dist!,
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M348 Aanugraodlumsiuunnguieyalasiimsmauniosvinda uazdou

AIUVUNIATTIUYDY XCS

Performance
XCS with
XCS with
Dataset Name ir Conventional adaptive
adaptive
XCS perception rate
perception rate
and GA

Breast Cancer

1.90 : 0.967 £ 0.012 0.968 £0.015 0.969 £0.014
Wisconsin
Diabetes 1.87: 0.681 £ 0.060 0.701 £0.067 0.673 £0.040
Heart-Statlog 1.25 0.804 £ 0.053 0.812 £0.088 0.822 +0.089
Tao Grid 1.00: 0.901 £0.026 0.967 £0.011 T 0.965+0.015 7T
Balance-Scale-dist! 11.75 : 0.000 £ 0.000 0.000 + 0.000 0.000 £ 0.000
Balance-Scale-dist2 1.17: 0.861 £ 0.049 0.843 £ 0.053 0.839 + 0.055
Balance-Scale-dist3 1.17: 0.840 £ 0.045 0.826 £0.042 0.828 +£0.044
Glass-dist! 2.06 : 0.762 £ 0.106 0.847 £0.053 7 0.830+0.103 T
Glass-dist2 1.82: 0.759 +0.142 0.833+£0.103T | 0.802+0.096 T
Glass-dist3 11.59: 0.000 £ 0.000 0.277 £0.358 0.167 £ 0.360
Glass-dist7 6.38: 0.867 £ 0.086 0.921+£0.091 7 0.937 +£0.089 T
Wine-dist1 2.02: 0.983 £0.041 0.991 £0.028 0.979 £ 0.046
Wine-dist2 1.50 : 0.970 £ 0.054 0.970 £0.054 0.958 £0.053
Wine-dist3 2.70 ; 0.992 £ 0.017 0.996 £0.012 0.996 £0.012
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fuf uaz xcs MinsUiumdasmsSuiuaz GA threshold munsnmunnguieyalaanis

¥

Xcs wnsgu edwiidoddny Tunismanesduyadeya Tao Grid, Glass-dist! 1o Glass-dist2

q

k3 A [

dugateyaduq Tullanuuenaisedaiisdds

q U o
3/ a o 1
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xcs #fimsdsumidasnsiud uer xcs fiflnsifuaidainisfuiung GA threshold
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musadwunngudeyalddniy xcs mmsguedaiisdify ifosniniade 5.2.2 1desue
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Trigadoya Tao Grid uyadeyafifidnndiuninlisugaiuiides failu 15,276 i
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wosanfiigadeyadifisasidiuailicugauin sswui xcs niimsiSumsasins
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[ o Y o 1 ey 1
103 uaz XCs hiimsiUiumdasinssudias GA threshold asadwunngudeya’ldan

XCs wasg eriifed iy Tunsnaassiuyadeyn Glass-dist7 dugadoya Balance-

9w

Scale-dist! Taifimmuansieagatifodiny
9 @ [ . . ] 1 a a
dmsuMsnaneeiuyadeya Balance-scale-dist] 1ay Glass-dist3 1t 1ss Ananm
° 2 ydyy v o ¢ Ay A Y
lunrsiuunuazeouinldvndrsuunlsunnits 3 fenenun tioanInyadoyn Balance-

s

s liangagauin mlddeamsszozna

f=d))

Scale-distl Ung Glass-dist3 L“'flwxgﬂ%amﬁ
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Qe

=

] 14 .
lumsSouinumunniu mwugd 5.7 & u%’dﬁwmsmaaﬂﬂmﬁuimausaumsﬁaui’sﬂu

3/

500 1000 g 1500 d1M¥U yAdoYA Balance-scale-dist] 1AL Glass-dist3 TAslHadNT

q U

¥
ARSIy

M4 amamgndedlumssuunndudoyalaeiimmauniosvinda uazaIu

Lﬁaamummmumm XCS “lumsmamﬁucgﬂ%ga Balance-scale-dist] 1182 Glass-dist3 Lﬁ’é]

Y A

AuNIsSeud 7500 1000 1AL 1500 51

L1]

Performance
XCS with adaptive
Dataset Name XCS with adaptive
Conventional XCS perception rate and
perception rate
GA
Balance-Scale-dist] 500
0.000 £ 0.000 0.000 £ 0.000 0.000 £ 0.000
iteration
Balance-Scale-dist1 1000
0.000 £ 0.000 0.000 + 0.000 0.000 £ 0.000
iteration
Balance-Scale-dist] 1500
0.000 £ 0.000 0.000 £ 0.000 0.000 £ 0.000
iteration
Glass-dist3 500 iteration 0.000 £ 0.000 0.277 £0.358 0.167 £0.360
Glass-dist3 1000 iteration 0.000 + 0.000 0.377 £ 0.408 1 0.477 £0.428 1
Glass-dist3 1500 iteration 0.000 £ 0.000 0.408 £ 0.442 1 0.477+0.428 *

910611319 4.9 ilw‘WU’J"I‘]J‘i ﬁ‘Vl‘ﬁﬂTWcl'LlﬂﬁiﬂLLuﬂﬂﬂiJsUi’JiJ'ﬁﬂJ’EN XCS il ﬂTi‘lJS‘UﬂWJGIﬂ
fﬂi'i‘Ui Hae XCS “ﬁdﬂﬁﬂiﬂﬂ'lﬁ]ﬂﬂﬂﬁiﬂiuﬁ‘” GA threshold LW?HJU'E)EJN‘JJNEJ'CﬂﬂﬂJ mamu

ﬂTiLiEJ‘Ll'i'ﬂ 1000 sawu"lﬂ ﬁWWi‘U‘Uﬂ‘U@Mﬂ Balance-scale-dist] XCS "lummsmnuuﬂﬂau
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a a 3/ g 1
Uszdninmuesyadeya Glass Sufienlfinmzngudoya 1 2 3 uaz 7 lumsnagen lay

¥
1éwadamsrene Ui

1 Y 3 o t 1 {
11919 4.10 ﬂ']ﬂ’)WllQﬂﬁ@ﬁlUﬂﬁm&mﬂﬂ@iﬁlﬁl’ﬁ]gﬁ LLﬁ&;’ﬁ’]ULﬁUG!UHiﬂﬂSEWu%@Q XCS 910013

o 3 d‘d t Y é‘: v t d? v
nafpINUYAveyanuNquioyadaua 3 nguau i

Performance

Dataset Name

Conventional XCS

XCS adaptive with

perception rate

XCS adaptive with

perception rate and GA

Balance-Scale 0.717 £ 0.140 0.768 £0.076 T 0.797 +0.051 T
Glass 0.093 £ 0.294 0.293 £0.379 0.462 +0.405 T
Wine 0.963 £ 0.036 0.974 +0.039 0.974 £ 0.037

{ U 9 '

o 4 b Y a o
M99 4.10 mewamimuunﬂqmagamm TAUBUAVIINUNQUVDIUA 3 NAY IﬂU

9 U Q

naaeUAy XCS 3 uwuuldud 1) xcs masgu 2) xcs fllmsdSuasnsimssud uas 3)

XCS ﬁﬁﬂﬁﬂ%’umﬁmﬁmi%’uimz GA threshold HadwsAdaslumisadiusmdoninmg
N1INAABIAIY 10-fold cross-validation technique WAL ﬁwdawﬁmmummgm (standard
deviation)

INA1379 4.10 ILHYTT XCS 71T mM3d5umennnssus uaz xcs Afnrsysudsas,
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M 411 rugadsalumsiuunngudeya waza@nudsuunIIATFINYBY XCS 31013

NARBINUYATOYA Glass A3 auseumsiSoug s00 1000 uaz 1500

Performance
XCS adaptive

Dataset Name XCS adaptive
Conventional XCS perception rate

perception rate

and GA

Glass 500 iterations 0.093 + 0.294 0.293 £ 0.379 0.462 +0.405 T
Glass 1000 iterations 0.093 £ 0.294 0474 +0415 7T 0.529+0.373 T
Glass 1500 iterations 0.156 £0.331 0474+ 04157 0.544 +0.383 1

v

VINAITN 4.11 WU XCS MimsUS U185 1n135u3iaz GA threshold 15 Aninn
lunsiuunngudioyavesyatoyn Glass 187nh xcs AguuLY od1TTod s & M9
dd w L v Y A a a
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4.6 mafSeuisunamsnaass
v 9 Y @
lurdeiithuauentmaasadiowSuuifion xcs fdusysuald nuinsnaGeus
¥iladee ldun Taonlvudiou xcs ﬁﬁmsﬂ%”umﬁmwmimguaz GA threshold iU Au'ls]
v a a o ) 8
MsARduTleYin C4.5 (Decision tree: C4.5) numsinaueesnnLiluglvesveumwanis
v a 4 o ) 4 @ a4 o @
dnduls Felimniuausssdnindndiondeiu xcs fifhy lower-upper bound LaznaTEURL
' = LY o 4
Sz‘U‘UIﬂ‘N‘UWEJﬂ'izETWILWEJN (Neural Network) LLﬁ%IfWW@SﬂL’JﬂWI@ﬁLLiJ“K‘Tm (Support Vector
E 4 [ i 4
Machine: SVM) ludinuaizad linear separate Tnoinsnasouitmuad 14 lumsSoufoud
[~ @ ot k4 = Y o o A 9/ . . d‘d‘l 1
nJu%ﬂiﬂmiﬂugmmgmmammﬂwmmammammuawauﬂa (Data mining) M¥o7

§ =l = d" 1 [ J (Y A o
WEKA msnansuneinlSeuivutinsesnilu 2 msnaaes 1dud MInARBInUYAdoyaiil

U
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nqudoya 2 nqu uazmsnmaesfugadeyaiifingudoyauinnit 2 ngu
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INA1319 4.12 1az 4.13 aznu a1 XCs AlmsUSundnsinissudias GA threshold
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Ay dnldnisdadulsiia cas uﬂazammwiuma%muﬂﬂqumagaiﬂazﬂmﬂumﬂmw
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Abstract—XCS is one of the most powerful learning classi-
fier systems. It combines reinforcement learning and genetic
algorithm to create a set of rules representing the extracted
knowledge from dataset. The main advantage of this system
is to provide rule-hased models that represent human-readable
patterns. However, not too much public have yet been studied in
imbalance dataset.

In this paper, we propose a novel technique ¢o develop
XCS deal with imhalance dataset, The proposed technique uses
adaptive perception rate for each rule to provide balance learning
between major and minor class. The experiment show that the
propose fechnique can classify all level of imbalance classes on the
well-know Boolean logic benchmark task - multiplexer problem.

[. INTRODUCTION

Leaming Classificr Systems (LCSs) (1] are machine leamn-
ing that are hybrid between Genetic Algorithm and Reinforce-
ment Leaming. LCS implements a rule based approach to
reinforcement learning. The systems represent the set of agents
knowledge as a population of condition-action-prediction rules
that are called classifiers. Recently, LCSs and their derived
system, i.e. ZCS [2]. XCS (3L[4]. YCS [5]. UCS {6].(7]. etc.,
have been enhanced (o solve challenging machine Icaming
problems and implement in previous applications [8].[9]. How-
ever, learning with imbalance datasets are not widely focusing
on [6].(7].[10].

Imbalance datascts are the datasets that contain onc of the
classes is represented by a very small number of examples
compared to the other classes. This case occurs in several
domains such as fraud detection, oil spills in satellite images.
failures in manufacturing process, etc. Many machine lcamers
assume a uniform distribution of classcs. so that they may
suffer from biases toward thc majority class when they are
exposed to high levels of classes imbalance. Most rescarches
in imbalance classes they use SVM [11], [12] and ID3 [13].

Rescarches in the ficld of XCS have few studies influence
of imbalance. Orriols and Bemadd analyzed behavior of XCS
with imbalance datasets {10].[14].[6].]7]. They showed XCS
with standard setting parameter, it implemented as described
in {4], cannot learn and classify high imbalance datasets
and presented guidelines to set XCS's parameters based-on
imbalance ratio of datasets.

In this paper we proposed a method to develop XCS
for imbalance datasets based-on a guideline of Omiols and
Bermado. The developed XCS is able to classify 100% at

978-1-4244-2101-5/08/825.00 £2008 IEEE
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imbalance level from ¢ = 1 to i = 10 of dawsets. under
bounding that Orriols and Bemadd had proposed, for the
description see section [V,

The paper is organized as follows. Section 1§ describes
Accuracy-based Leaning Classifier System: XCS. Section [I1
explains the standard datasets for XCS that is called multi-
plexer problem. Section IV shows a developing Orriols and
Bernadg algorithm for imbalance datasets. Section V present
a result of each algorithm. Section V1 provide conclusion and
future work.

1. DESCRIPTION OF ACCURACY-BASED LEARNING
CLASSIFIER SYSTEM: XCS

An Accuracy-based Leaming Classifier System (XCS) was
introduced by Wilson[3]. It was devcloped from the Holland's
traditional system. Morcover, today it has been recognized
as the best and most popular LCS. The most importance
components of XCS are knowledge representation, parameter
updates and discovery component.

XCS represents the agent knowledge as a population set
[P] of rule or classifier. Each rule consist of condition, action
and prediction parameter. In condition part C € {0, 1,
and action A € {al. a2, ... ,an} specifics the action proposcs.
In prediction parameters use to predict a received reward
from cavironment and identify strange of classifier such as
prediction payofl’ (p). prediction error (<), Fitness (F). niche
size estimate (as).

The XCS work as the follow: When the system receives
input massage (in binary form) it will create a match set [M] to
contain the classifiers from population set {P] that can match
this input state. If the match set [M] is empty the covering
operator is used to gencrate the classifiers that can match
current input. After that, the system will generate prediction
armay from the match set [Af] by averaging of prediction for
every proposed action by using the following equation:

X cl.px cl.F

.a=anele]M]

3y c.F

cla=ancle[M]

T = n

In selection an action 1o take 10 environment, XCS selects
action by using roulette wheel of average the prediction payoff
in cxploration and sclects maximum prediction payoff in
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exploitation. After that an action set [4] is generated from
classifier in match set that contain selected action is performed.

After received reward (R) form the environment, all classi-
fiers in the action set (4] are updated prediction parameters
using Q-leaming technique of reinforcement learning. The
updated equation is computed as:

p=p+3IR~-p} 2)
s=s+J3(|R-p|-z) 3
as = as | (]} - as) [€)]

where 3 is a leaming rate. 3 £ (0. 1}. Fitness updating is
based on accuracy that we can caleulate forn the following
equation;

L oalg/se)e ifs: >y
ko= { 1 otherwisc ©)
, k .
K = _S‘hk (6)

J=t
where parameter 2, (2, > 0) is a threshold for accepted error.
If some classifiers have = less than z, then this classifier
predicts truc and set & cqual 1. For a (a € (0.1)) and ¢
(v > 1) is constant for calculate accuracy. After that we can
calculate fitness using the following equation:

F=F 3k -F) (N

Discovery component, in XCS has two operators for dis-
covery rule. First covering operator: If the match set [M] is
empty it will generate new classifier for current message input.
Every condition bit the system will randomly select between
current input bit and “#" and random onc of the proposed
action. Then the system initials prediction paramcter’s values
by default. Second genetic algorithm: after the system updating
and averaging of time stamp (#s) more than threshold (05.4).
XCS will scleet two classifiers from action sct [A] by using
rouletic wheel of fitness for run genctic operators. For initial
values of prediction parameters, we use averaging value from
parents. The new rule that comes from discovery operations
should accept the current input.

1. MULTIPLEXER PROBLEM

in XCS, a multiplexer problem is standard datasets, used
to training and testing performance of systems and were
introduced by Wilson [3]. Multiplexer probiem are represented
in binary string of concatenate address and data. We can
caleulate fength of those string by n + 2" where n is length
of address. and separated into two class, "0" or ‘I'. For
training and testing system, multiplexer datascis are generated
by random between 0" and *1° for each bit.

Orriols and Bemads present imbalance level as i {101 and
define each level based-on concurrent ratio of major class ‘0"
with minor class "1" as 2'. We can generale imbalance data
scts for training and testing XCS by setting ratio of class "0
(major class) with class "1 (minor class).

22

IV. XCS FOR IMBALANCE DATASETS

Orriols and Bemadé proposed that there are some param-
eters that has an effect with XCS's leaning. They analyzed
that it we run XCS paramcter gy = 0 and maximum reward
Rypar = 1000 it should classify minority class correetly
when 1 < ir < 1998, the parameter imbalance ratio (ir) is
a ratio between number of instance from major class Ny,q;
and number of instance from minor class N When they
tested conventional XCS on imbalance datasets that create
from multiplexer problem at level i = 0to = 9 it can classify
minority class at level i = 0 to i = 4 result show as figure
1. So that unless 2y and ;3 there are some problems to have
effect with XCS's leamning.

According from this study, Orriols and Bemnadé tried to
developed XCS for imbalance datascts by analyzed XCS's
parameters that have influence with accuracy of classification
for minor class. They proposed that the learning rate 3 should
be set as ratio of frequencies occurring of the least class
Smin per trequencies occurring of the most class f,,,, and
parameter 8¢ 4 should be sct greater than the delay berween
two examples of the minority class. i.c.

Join

Smus

3=k (8)

OG5 = ka- 9)

1
f’"lll
where &y is arbitrary constant for tuning the leaming rate,
ki €(0.1) and ks is constant for tuning O¢: 4. ka > 1.

However, XCS with the tning follow Orriols and Bernadé
proposed can lean at low and medium level of imbalance
classes but it cannot tearn the height rate of imbalance ratio,
see in figure 2. Furthermore, it very slow to lean at medium
levels of imbalance classes and unablc to classify the minority
class in high imbalance levels. It might be effect of the setting
leaming rate close to zero. for example at imbalance levels
i = 9 the leaming rate is set as 0.2/29 = 0000390 and
imbalance level at i = 10 the leaming rate is set 0.2/210
= 0.000195. From this reasons show that a little leamning rate
is not good way to develop.

We develop XCS for imbalance datascts based on assump-
tion that a rule will have high number of wrong prediction
if it is an overgeneralize rule. We should set its learning rate
lower than rule have never predict incorrect. We implement an
adaptive parameter, it is called perception rate {8) into update
vquation for p and z. For adaptive perception rate, it will be
adapted if it predicts incorrectly. i.c. parameter p not cqual to
reward.

p=p+8-§ (R-p) (10)

4= () (n

where w is wrong prediction number of classifier
and ¢ is decrease rate, ¢ € {0.1).
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V. EXPERIMENTS AND RESULTS

In this section, we compare the three version of XCSs:
conventional XCS, Orriols and Bemadé's XCS, XCS with
adaptive perception rate (our proposed method) on 11-bit mul-
tiplexer problem which create as imbalance class at different
levels 7 = 1 to 1. For cach level the system was run 10 times
with different seeds. In addition. every experiment we trained
XCS on boolean multiplexer in 5,000,000 iterations. For cach
iteration, if the system classify correctly it receive a reward
1000: othenvise it receives a reward 0. Parameters in cach
experiment are set as the following.

For conventional XCS used the same parameter setting and
by Wilson [4] as follow: population size (V') = 2000, 3 = 0.2,
a = ey =1e=5 =08 p=004and Og4 = 25.

The parameter setting for Orriols and Bernadé's XCS sim-
ilar to Orriols and Bernadé [10] as follow: 4, = 0.2 and
ky =5,

For our proposed XCS, we usc the same parameters seiting
as previous and ¢ = 0.8,

Figure | show the true negative (TN) rate. i.c., the ratio of
cortect classifications for class 0, and the true positive (TP)
rate. i.c., the ratio of correct classifications for class 1, obuined
by XCS with imbalance levels from i = 1 to i = 10. Figure
I{a) shows that XCS can leam negative class quickly for all
imbalance levels, the graphs reach to 100% when the learning
iteration less than 10000. However the figure 1(b) shows XCS
can leam positive class only first 5 levels, can reach to 100%
after 10.000, 20,000, 40,000, 80,000 and 300,000 respectively.
While the curve at level i = 6 stabilizing at 80% after 250,000
iterations. For higher imbalance datasets levels. from i = 7 to
i = 10, the system cannot classify the positive class.

Figure 2 shows the true negative raic and the true positive
rate. Orriols and Bernadds XCS. We can see that they cun
improve TP rate for level i = R. Howcver, the TP rate ata
i 9 still perform poor.

Figure 3, XCS with adaptive perception ratc. We can see
that perform significantly better then conventional XCS and
Orriols and Bernado's XCS both on imbalance levels i = 9
and § = 10.

In term of leaming speed. if we focus on imbalance datasets
level i = 5. The conventional XCS are able to classify a
positive 100% after 330,000 iterations leaming and Orriols
and Bernadé's XCS can classifv classify a positive 100% after
learn 240,000 itcrations and by XCS with adaptive perception
rute can classify classify a positive 100% after only 120,000
iterations. [t means that the XCS with adaptive perception rate
can improve leaning speed of XCS.

VI. ConCLUSION

This paper proposced a version of XCS, adaptive perception
rule. We used adaptive perception rate for balance leaning
between major and minor classcs.

The proposed method, XCS with adaptive perception ratc,
was lest on multiplexer problem with difference imbalance
tevels from 7 = | to 7 = 10, It is shown that the true positive
rate of the proposed methed is better than conventional XCS
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TN rate (a) and TP rate (b) in 11-bit multiplexer problem from
imbal levels 1-10. P set same conventional XCS.

and Omiols and Bermadd's XCS on tested imbalance levels
of 11-bit multiplexer problem. In term of learning speed, we
showed that our proposed method can improve leaming speed
of XCS.

For further rescarch, we would like to study effects of noise
to our system and also we would like to analyze on other
artificial problems and real-world datascts,
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Abstract
‘T récent years; leamiing with imbBatunced data séts reicives
more and more altentions. Almost lcﬂmiflg-syslémx perfopm poor whén
tackle with this proble. I this piper, we study tié effect of élass
imbalance’problen in XCS$ which is 6ne of the most powerful leamiing
Elassifier systerns and:proposed-a méthod to imprové: the pérformince.
“'The pioposed ‘mitthoif uses -ailaptive percerition ‘rate for each,rule Jo

provide .bafange leartiing between .majority ‘arid: minority class., The

experiments.indicate:that-the, propose method van classify 10 levels of”

imbalance tlasses on the -well-kngw | 15bits Baolean Iggic. benchmark

task.= multip! bl - &

I fiom-both ori-ties{ly.and 10-fold

cross validation.,

Keywords: leaming  classifier  systems,  imbulance,

chassification; font style, blank line

1. Introduction

A Lea’mingl'clmsiﬁer System (LCS) [1] is-a rite-based
miching' ledming systéii tHat coinbines: beiween Reinforcémient
Leaming -and  Genétic  Algorithm, 'Thé  teinforcemient teaming

it is ible for. adjusting, the stréngth of nilés i the

P P

isystem according:10 some reward ubtained from (he énvironment. The
genetic. algorithm aéts a5 an innovation discovery component, which
plays‘a key role in"discovéring novel anid poteritially useful rules. The
‘advantages of this approath. arg Tule-based representation, which make

it'casy-to interpret by human; aniline-learning-ubility: wheré the syster

pdated dfter the:presentation;of cach, data'i rot dueto
the st of genetic wlgorithn.
Tn 1995; XCS [8] emergeéd' as-d type of 'LCS. wheié: a

-,

lassifier’s fitaess dlepends on the preifiétion of its éxpectéd payofl

Jdnisteid of the actul, itself as in.

iditional .LCS which
worked better on.both reinforcementand supervised Icariing probleius.

Recently, XCS has:béen wildly, spplicd to efassification.and data misiing

bléms [2). An inv [9].0n 1S UCL dataséts showed. that

XCS's p’(;rﬂ;nngch;is_al least -as good as.tradilibnal machine leaming
techniques, In[10] study compared: XCS ‘wiiﬁ C4.5, the Naive Bayes
classifier, PART, thic instance bascd learning algorithm with one and

three nearest neighbor settings, and the support vector machine on 42
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datasets, Statistical lests of significance showed: that XCS outperforms
other.algorithms in some datasets:

Among them. mining imbatance.data has.been: emphasized

prédiction parameter. 1n.condition part C € {0, 1, #}° and action A-e

ot
I P

{a,0 ay.c .}, specilies the action_proposes: In

‘thefe are three. principal parameters; prediction. payotY () which

as one of most interested topic'in XCS. A cliss ‘imbal problem is
the. ditasets that contairi one of the elasses'is represented by a very
small number, of examples ‘compared (o the other classes. This case

stich-as fraud deteetion, 6il spillst in'saicllit

oCeurs.in several.d
images, failires. il mamifacturinig process; cte: Many machine learners
assusise o unifohm distribution-of classes; so that they may siffer from
biases lownrit the injority class when they are’exposed (6 high levels of
class imbalance. Researclivs in the fidld of XCS Juive fow stuilies
influence of-imbalance.. Omiols and Bernadd "nn:il}rzcd behavior of XCS

with-imbalance datasets. [5]. They showed XCS with standard selting

itimp) d as described.in (6], eannot lcarn and classify
high ‘imbalaficd datasets . and presented goidelines to set . XCS's
parnmelérs based-on imbalance ratio of ditusets,

in this paper we proposed a method to develop XCS for
imbalance-datasets bascd-on 4 guideline of Omicls and Bemadd. The
develaped XCS is able to elassify 100% ot imbialancé lovel from-i = 1 10
i = 10 of datasets, under .bounding that Drriols and Bemadd had
propased.

The rest of this paper is organized as ‘follow. Section 2
provide intreduction of XCS for. data mining. ‘Scction 3 describes.thie

1101, 141,

well-know Boolean logic b task. - ) pro

1 2

Section 4-illustrates how- to.-improve XCS for imbalance problem.
Sgcn'on 5 shows’the experimental result. Conclusions ane drawn and
future work is diseussed in Section 6.
2. Description 6F Accurdcy-buséd Leaining Classifier
System: XCS
An Accuracy-bascd Leamning Classifier System (XCS) was
introduced by ,\'Vlli;ox_l[’i]. It was devqlom:d from the- Holland's
traditional system, Mm:cp\'cr, today it has been recognized as the best
and most:popular LCS. The most imporiance components of XCS arc
knowledge representulion, parameter updates nnd qiscovcry component.
XCS represents the agent knowledge as a population sel (£]

of rule or classifier. Each .rule consists of condition, action and

‘accuracy that we ¢an

the payoft for that cldssifier if classifier is selected to action,
prediction emror  (£) which cstimates-the average error made in the
payoft predictions, fitness (F) whicéh can caléulate based on error,

The XCS. watk ds the follow: First, XCS finds & inatch-set
[A1]-with all ¢lassifiers in thie

{P] whose condition matches

pop
the incoming instance. If the maich set [A] is empty then the covering
operator.is uséd to ‘generite the- classificrs vt match éurrent input.

After.that, the systém. genieinte prediction drmy. from’thie matchi-set [M)

by averagifig of prediction for every possible action using the following

cquaticn:
By =pit+ BR-p)) m

In action scl::cﬁon‘ XCS seleets aclion by us;'ng roulette

wheel of average the prediction payolf for cxploration phase and sclects

1 1oi

prediction payofT. for

phase. After that an-action
sel‘[/l]'is generated from classifier in match set [Af] that have the same
action as the chosen action;

After received reward (R) form the environment, all
paramicters of classifiers in dic action set [4] are updated using.Q-

leaming, technique of reinforcement leaming. "The updated équation is

.consputed as:

Py=p + (R~ p)) o))
& =&+ PR~ p;|—¢;) o
as; =as, + Bl Al -as;) “

where: fis a leaming rate, 4 € (0, 1), Fitness updating is based on

leulate form the fofl

., 'a(sélsn)" ife, 35,
K= -
- ot otherise

. K.
R

4]
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where parameter £, (¢, > 0) is a threshold for accepled error. {f some
classifiers have £ less than & then this classifier predicts truc and set 4
cqual 1. For a (@ € (0, 1) and v (v > 1} is constant for caleulate
accuracy. Afier that we can caleulate [itness using the following

equation:
Fj=F+f(x;~F) I

Discovery component in XCS has two parts. First covering
operator, when match set [4/] is empty it will generate new classifier for
current message input. Every condition bit in rule will randomly select
between current input bit and *#':and random ane of possible action.
Then the system fnitials prediction parameter's values by default value,
Second, GA is invoke. when time stamp (25) more than threshold 4.,
IFGA is activated, XCS will select two classiliers from action set [A) by
using roulette wheel on their finess. If the population size reaches a
predefined fimit, some classifiers are removed by voting within the
population,

3. Multiplexer Problem

The multip) blem is

Uy stadied in the LCS

literature due to its interesting function propertics by Wilson in 1985
[7). Multiplexer. data are defined as binary strings of length £ = &+ 2'
that consist oI'2 part; the first & bits as an address and last 2 bits as datu,
The class value is determined by the value of data that refér by address.
For example, in the 6-multiplexer (/ = 242 = 6), the class value for the
input string 100010 is |, because the “sddress™, 10, indexes bit 2 of the
e

ltipl are the next

remaining four bits, 11 and 20 I

plicated multiplexers. The corresponding e

for 11~

more
multiplexer has cight teoms each consisting of four factors; for 20+
multiplexer there are 16 lerms of five factors each,

We uséd | l-multiplexer in vur experimenit. We divided our
experiment into two pasts. Firstly, on-the-tly expériment, the trin and
test data is directly goneruted by function. The imbalance multiplexer
[6] permits to control the imbalance complexity of the multiplexer by
undersampling the class labeled as “1°. Secondly, validation cxperiment,

we create offling 1l-multiplexer by geneate all of possible value urid

274

P 1 Mol

ity is d by av

the i the: class
Tabeled a3 °0" contain the proportion of imbalance ratio which is a ratio
between number of instance trom major class N,,, and number of
instance from minor cluss N__, Then waining st is divided inla 10
subsets in a stratified sample. A 10-fold cross validation is used with a
9:1 wdinsvalidiition proportion. The system is trained on cach training
set in batch mode and then tested on validation sel. Each experinent
was run 10 times with different random seeds.
4. XCS for Imbalance Datasets

Oriols and Bemadd proposed that there are some
parameters thal have an efTect with XCS's leaning. They analyzed that if
we un XCS willy parameter £,=0 and maximmn reward R, = 1000
then it should classify minority class comectly when 1 < ir < |998,

1 XCS on imbalance datasets that created

When they tested
from muhiplexer problem at level /=0 1o 429, They can classify minority
class at fevel i = 0 to § = 4 result show as figure 1., Sa that unless & und
A there are some problems to have effeet with XCS's learning,

We improve XCS for imbalance datascts based on
assumption that the imbalance matio in cach classificr is not cqual, Form
the assumplion. wWe propose a parameter to egpeet an imbalance ratio

that classificr cover to update equation for p and &, as following:

Py=p v BR=p)) )
& =&ty fUR~p;l=¢) o
where ¢ is u | for & bal rtio, it called adaptive

perception rate. To estimate an imbalance ratio in cach classifier, Wwe
caleulate by ratio between number of correct elassify and number of

incorrect classify as follow equation:

1 Fe=0,0=0
ife>c (10)

¢ i '
A ife<c

where ¢ is number of correet classify and ¢ is number of incorrect

classify.
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S. Experiments and Results

5.1 Experiment on on-the-fly 11-multiplexer

In this section, we compare the three versions of XCSs:
conventional XCS, Orriols and Bernadd's XCS, proposed XCS on 11-
bit multiplexer problem which create as imbalance class at different

levels i = 1 to i = 10. In addition, every experiment we trained XCS on

Bool inl,

in 5,000,000 i In each iteration, if the

system correctly classify then it will receive a reward 1000; otherwise it
will receive a reward 0. The parameter setting for three XCSs same as
Wilson [7] as follow: population size ( N ) = 2000, #= 02, @=0.1, &,
= lv=35 y=08 and &= 0.04, The performance from exploit trials

on is recorded, using a 100+point average, average over ten run.

(a) TN rate

%6 Tooono 200000 80000 %0
30000004000 500,0%

(b) TP rate

AR SRR RBA IR

Figure 1 shows the true negative (TN) rate, i.e., the ratio of
correct classifications for class ‘0, and the true positive (TP) rate,
i.e., the ratio of correct classifications for class 1, obtained by XCS with
imbalance levels from / = | to i = 10. Figure 1(a) shows that XCS can
learn negative class quickly for all imbalance levels, the graphs reach to
100% when the learning iteration less than 10000. However the
figure 1(b) shows XCS can learn positive class only first 3 levels, can
reach to 100% afier 10,000, 20,000, 40000, £0,000 and 300,000
respectively. While the curve at level i = 6 stabilizing at 80% after
250.000 iterations. For higher imbalance datasets levels, from i = 7

to i = 10, the system cannot classify the positive class.

(a) TN rate
"”“"“m.—““-
0.9
v
a8
"
07 =2
4 =3
08§ e el L )
R S LE)
a8 voens
——u a7
D4p b,
03 —D—yed
& =10
02
o1

Fig. 2.TN rate (a) and TP rate (b in-11-bit multiplexer problem from

Fig. 1. TN rate (a) and TP rate (b) in 11-bit multipl blem from

imbalance levels 1-10. P set ding to i XCS
NCSEC
2008

imbal levels 110, Parumeters set according to Orriols and Bernado.
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Figwe 2 showsithe true negative mte anil the fruc positive 83 Experiment: on 10-foid cross: validation. 11=bit
rate, Orriols-nnd chggé's‘XCS:: Wc_,cun_ see.Lhat theyean improve TP
. R . Jmultipléxer
fate for level i== 8. Hawevér, the TP rate at ¢ = 9 8till pérform poor.

In this section, we.compire; the. thice vérsions of XESs o

(a) TN rate offline T 1-multiplexér:* Dilferchices that dre Statistically significantiat-n
- 80-00-80-5-006:9-0-0:0-0-¢ significance’ lével of*05 are denoted by 4 T'ifoﬂwr propose is_belter
08
o!: r than conventionzl X€S and' by a 4 if’ other propose’is worse than
s —0—kret ) ) "
o7} =922 | ] conventional :XCS, A #: if other propose is beiter than Orriols.and'
o N
gt 5 ) . Y. :
g"’ —e—irn§ Bernadd’s and by a it other-propose is woese than Orriols and
05f rv- =g .
epe-lfeT | Bernadd’s XCS.
0.4 ——p-irsh
—{derg
LY B r210
o3 Tible, 1. Comparison TP rate between three XCSs on® 11-bits
01
multiplexer datasel from imbalance levels 6:10.
(] 1000000 2,000,000 3000000 4000000  8,000000 -
oo Meihod Level I TP rate;
.('bﬁ TP rate - . Conventional XCS =6 00.00
BB P§-0-0
=7 00,00
— =8 00,00
e i=9 00.00
—q=l 4 . :
bl a5 =10 0X0.00
fe gl =Bt _ - "2
] s7 Orriols;and Bernadé’s XCS i=6 LOOi0.0ﬂT’
b} wb . = 7
| w9 P 4 X
A &Y i=1 1:0020.00
=8 -0.98t0, T
1=9 _o.s4_:to.|7T'
00,000 zmoﬁg&m;m.ow 4000000 6,000,000 P10 D'.Ozi(),b‘).
Fig. 3. TN faté &)-and TP.rate (b).of XCS with propose methiod Fof XCS with proposc ncthod. i=6 | toooooT
11-bit muliiplexer problém from:imbulance levels 1-10. i !-00i9~°°T
=3 | rookoooT e
. = X K
Figure 3,-XCS with adaplive-perception rate. We. can. sec i . ['OO_O'OOT 4
) B Wi . . A\ . i=10, 090012
that perform significantly better than conventional XCS and Ostiols and -

Bemadd's XCS both on imbalancellevels / =9 and i= 10

. e o \ v/ Table 1; presénts the mean and the standard deviation'(over
In ternv-ofleaming speed, if we fociis on imbalance datasels

level i=5. The conventional XCS s able to classify.a_positive 100%) TUG) priiepgeifttve accuracy irdferent sysieuion the offling:1
aftef 330,000 itérations leaming wnd Orrials and Bernad®'s XCS can multiplexer data sets with imbalance dataset frém lgvelf = 6 10 &= 10,
-¢lussify a positive 100% aller learn 240,000 iterations and by XCS with ~ The result-shows thiat the dccuraty- of Orriols and Bemiadd's XCS: i
adaptive pereeption rate can classify-a positive,100% oftor only |.20_,00(.] significanty beter than convéntional XCS-in irhbalance leével /=-6.to
iterations. t-migans.thit XCS with-adaptive:pergeption rate gin improve i = 9, However, our pioposéd "NCS, is Significantly batter than
leaning spéed-of XES:

jonal XCS' i imbalz level 7 =60 i = 10 and alsg
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significantly better-than Orriols and Bemadd®s XCS in imbalance level
i=81wi=10,
6. Concluslons

This paper proposed.an improved version of XES. We uscd
ﬂdﬂ!’lli\'ﬂ pi:mc.pliun rate for balance Jéaniny between major and minor
classes,

Tlic praposed method, XCS withi adaptive, perception rate;
was test on multipléxer problen with differcnce imbalance levels from
i=110i=10 bath in on-the-fly and .10-fold cross. validation. It is
shown that the truc positivé. rate (TP) 6f the proposcd method: is better
than conventional XCS mid Orrinls and Bemado®s XCS on tested
imbalancé levels of 11=bit-multiplexct problem. In tan of ledminig
specd. we showed that our prqposcd' method can iinprove leaming
speed of XCS. For further research, we would like'to study effects of
foise to our system aiid also we Wwould like 1o analyze ori other arntificial

problems and réal-world datascis.
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