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A b s t r a c t  
 
T h is  p a p e r  c o n c e r n s  p r o b l e m s  o f  a u t o m a t ic  l e a r n in g  r u l e  b a s e d  c l a s s if ie r s  
f r o m  im b a l a n c e d  d a t a ,  w h e r e  t h e  m in o r it y  c l a s s  o f  p r im a r y  im p o r t a n c e  is  
u n d e r r e p r e s e n t e d  in  c o m p a r is o n  t o  m a jo r it y  c l a s s e s .  T o  im p r o v e   
r e c o g n it io n  o f  t h e  m in o r it y  c l a s s ,  w e  p r e s e n t  t h e  n e w  a p p r o a c h ,  w h e r e  t h e  
r u l e  in d u c t io n  is  c o m b in e d  w it h  t h e  s e l e c t iv e  f il t e r in g  p h a s e  t h a t  r e m o v e s  
n o is y  a n d  b o r d e r l in e  m a jo r it y  c l a s s  e x a m p l e s  f r o m  t h e  in p u t  d a t a .  T h is  
a p p r o a c h  is  e v a l u a t e d  in  a  c o m p a r a t iv e  e x p e r im e n t a l  s t u d y .  
 
K e y w o r d s :  m a c h in e  l e a r n in g ,  c l a s s if ie r s ,  im b a l a n c e d  d a t a .  

 
Sel ek t yw n y w yb ó r p rzyk ł a d ó w  w  k o n s t ru k c j i  
k l a s yf i k a t o ró w  z n i ezró w n o w a ż o n yc h d a n yc h 

 
S t r e s z c z e n i e  

 
W  a r t y k u l e  o m a w ia  s ię  p r o b l e m y  a u t o m a t y c z n e g o  k o n s t r u o w a n ia  
k l a s y f ik a t o r ó w ,  b ę d ą c y c h  z b io r e m  r e g u ł  d e c y z y jn y c h ,  z  n ie z r ó w n o -
w a ż o n y c h  d a n y c h ,  w  k t ó r y c h  k l a s a  o b ie k t ó w ,  b ę d ą c y c h  p r z e d m io t e m  
s z c z e g ó l n e g o  z a in t e r e s o w a n ia ,  z a w ie r a  z d e c y d o w a n ie  m n ie j p r z y k ł a d ó w  
n iż  in n e  k l a s y .  W  c e l u  p o l e p s z e n ia  z d o l n o ś c i r o z p o z n a w a n ia  p r z y k ł a d ó w   
z  k l a s y  m n ie js z o ś c io w e j p r z e d s t a w ia  s ię  p r o p o z y c je  w y k o r z y s t a n ia  
s e l e k t y w n e g o  w y b o r u  p r z y k ł a d ó w  z  k l a s y  w ię k s z o ś c io w e j p r z e d  f a z ą  
in d u k c ji r e g u ł .  Po d e jś c ie  je s t  o c e n io n e  w  e k s p e r y m e n t a c h  p o r ó w n a w c z y c h  
z e  in n y m i m e t o d a m i.  
 
S ł o w a  k l u c z o w e :  s y s t e m y  u c z ą c e  s ię ,  k l a s y f ik a c ja ,  n ie z r ó w n o w a ż o n e  d a n e .  
 
1 .  In t ro d u c t i o n  
 

Machine learning  and data mining  are areas of  g rowing  research 
interest. One of  their common task s is supervised learning, which 
aims at discovering  f rom historical data a representation of  
k nowledg e that assig ns examples, each described by  a f ixed set of  
attributes, to k nown a priori classes. S uch a c lassif ic at io n 
k no w ledge derived by  an alg orithm f rom learning  examples can be 
successively  used to classif y  new obj ects. I n this sense learning  
process results in creating  a c lassif ier [9 ] . 

T here are several aspects that mig ht cause dif f iculties f or  
a learning  alg orithm and decrease perf ormance of  learned 
classif iers. One of  them is related to c lass im b alanc e in the input 
data, i.e. to a situation when one class ( f urther called the m ino rit y  
c lass)  includes much smaller number of  examples comparing  to 
other classes [1 , 3 , 1 1 ] . S uch data could be met in practice as some 
processes produce certain observations with a dif f erent f req uency . 
A g ood example is medicine, where databases reg arding  a rare, 
but dang erous, disease usually  contain a smaller g roup of  patients 
req uiring  a special attention while there other classes contain 
much hig her number of  patients [4 ] . S imilar situations occur, e.g . 
in technical diag nostics or continuous f ault-monitoring  task s, 
inf ormation retrieval [3 , 6 , 1 1 ] . 

T he total c lassif ic at io n ac c urac y  ( an averag e percentag e of  all 
testing  examples correctly  recog niz ed by  the classif ier)  is not the 
only  and the best criterion characteriz ing  the classif ier 

perf ormance f or such data sets. T he users pref er hig h enoug h 
recog nition of  the minority  class and the f inal decision is 
characteriz ed rather by  its sensit ivit y  ( the ratio of  correctly  
recog niz ed examples f rom the minority  class)  and its spec if ic it y  
( the ratio of  correctly  excluded examples f rom other classes) . 

T he hig h imbalance between classes is reported to be an 
important obstacle in inducing  classif iers. T heir perf ormance is 
of ten deg raded as they  are biased towards recog nition of  maj ority  
class examples and they  usually  have dif f iculties to classif y  
correctly  new obj ects f rom the minority  class [1 1 ] . R esearchers 
also indicate other aspects of  imbalance data, e.g . the minority  
class may  overlap heavily  the maj ority  classes, i.e., there is no 
clear boundary  between them [6 ] . B oundary  reg ion may  be 
af f ected by  ambig uous examples f rom other classes, which may  
lead to incorrect classif ication of  examples f rom the minority  
class. 

I n recent y ears the problem of  dealing  with the class imbalance 
has received a g rowing  research interest f rom the machine 
learning  and data mining  communities. Althoug h several methods 
have been proposed, see e.g . their review in [1 , 1 1 ] , the research 
problem is still open. 

T he author with co-operators also introduced an approach which 
m o dif ies the rule c lassif ier st ruc t ure to increase its sensitivity  f or 
recog niz ing  the minority  class examples [5 ] . W e f ocused our 
interest on g enerating  a larg er rule set of  the minority  class, while 
inducing  minimal sets of  rules f or other, maj ority  classes. As  
a result of  modif y ing  rules we increased the chance of  predicting  
the minority  class during  the classif ication strateg y  f or new 
obj ects. 

T he other direction of  improving  the recog nition of  the minority  
class is to f ocus our attention on a prepro c essing st age bef ore 
inducing  a classif ier, e.g . by  appropriate sampling , which could 
transf orm the orig inal class distribution into more balanced one – 
some other researchers also undertak en similar research [6 ] . 
H owever, it should not be j ust a simple class balancing , e.g . by  
random duplicating  several minority  class examples. I t may  be 
benef icial to f ocus attention on no isy  maj ority  class examples or 
b o undary  examples between classes as they  are crucial f or 
classif y ing  examples f rom imbalanced classes.  

T heref ore, we propose to perf orm a k ind of  selec t ive f ilt ering, 
where these examples are deleted. W e hope that this ty pe of  
cleaning  may  g ive a chance f or inducing  less specif ic 
classif ication rules and it should also help in a classif ication phase. 
I n this paper we introduce such an approach, where the selective 
f iltering  of  these examples is used as a preprocessing  stag e bef ore 
inducing  rule classif iers by  the MOD L E M alg orithm. T he other 
contribution of  this paper is an experimental comparison of  this 
approach ag ainst the standard rule based classif iers and two other 
popular sampling  techniq ues. 

 
2 .  R el a t ed  w o rk s  
 

W e brief ly  describe only  these preprocessing  methods, which 
are the most related to this paper. F or reviews of  other work s, the 
reader can consult [1 , 3 , 1 1 ] . 

T he sampling  in the pre-processing  phase transf orms the 
orig inal class distribution into a more balanced and as their result 
induction of  classif iers is less biased to particular classes. T he 
basic approaches include either random o ver-sam pling or under-
sam pling. I n the f ormer approach the minority  class examples are 
randomly  replicated until a balance with cardinalities of  maj ority  
classes is obtained. R andom under-sampling  g oes in the opposite 
way  - the maj ority  class examples are randomly  eliminated until 
obtaining  the same cardinality  as the minority  class. H owever, it is 
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claimed that random under-sampling can discard potentially  useful 
maj ority  class examples that could be valuable for learning a good 
classifier. O n the other hand, simple over-sampling introduces 
copies of original examples only , w hich may  lead to 
overspecializ ation of a classifier. Thus, several more " focused"  
heuristic techniq ues have also been introduced. 

A n example of such focused under-samp l i ng  is an approach 
called o ne-si de-samp l i ng  [ 6 ] , w here the borderline and noisy  
examples from the maj ority  class are assumed to be a main source 
of misclassification for minority  class examples. B esides an 
obvious interpretation of noise, borderline examples are treated to 
be unsafe since a small amount of noise could mak e them fall on 
the w rong side of the decision border betw een classes. These 
examples are detected by  means of, so called, Tomek  link s [ 6 ]  and 
removed. A nother approach to removing noisy  and borderline 
examples is Nei g h b o rh o o d Cl eani ng  Rul e introduced by  
L aurik k ala in [ 7 ] . I t is based on the W ilson' s E dited N earest 
N eighbor R ule [ 1 2 ]  and removes these maj ority  class examples 
w hose class labels differ from the class of at least tw o of its three 
nearest neighbors. E xperimental studies [ 1 ]  show ed that both 
above approaches provide better sensitivity  and not w orse total 
accuracy  than a simple random over-sampling. 

To modify  over-sampling, C haw la et al. proposed a heuristic 
techniq ue, called S M O TE , w hich over-samples the minority  class 
by  creating new  sy nthetic examples [ 3 ] . I ts main idea is to create 
these new  examples by  interpolating several minority  class 
examples that are close one to another. I t w idens decision 
boundaries for the minority  class. S everal experimental results 
indicate that S M O TE  is often more efficient than other sampling 
methods. I ts mixture w ith elements of under-sampling may  also 
improve the ability  to predict the minority  class. 

The other approaches, e.g. concerning modification of learning 
or using classifiers, are described in [ 4 , 5 , 1 0 , 1 1 ] . 
 

3. C o m b i n i n g  i n d u c t i o n  o f  r u l e  c l a s s i f i e r s  
w i t h  s e l e c t i v e  f i l t e r i n g  

 
F ollow ing the motivations presented in the previous sections w e 

w ould lik e to detect no i sy or b o rderl i ne maj o ri t y cl ass examp l es, 
w hich may  cause errors w hile classify ing obj ects from the 
minority  class. They  w ill be removed in a data filtering before 
inducing rules and finally  constructing the classifier. 

W e implemented a filtering phase inspired by  the L aurik k ala' s 
w ork  [ 7 ] . I t cleans maj ority  class examples on the basis of the 
W ilson' s E dited N earest N eighbor R ule, w hich recommends 
removing these examples w hose class labels differ from the class 
of at least tw o of its three nearest neighbors. This helps to identify  
noise examples. A s it is also necessary  to remove borderline 
examples, the filtering procedure has tw o stages check ing of 
nearest neighbors, w hat is summariz ed below :  
� S plit learning set E into a minority  class C and the rest of  

data R. 
� I dentify  noisy  maj ority  examples from R, i.e. for each example 

in ei ∈ R check :  if the classification given by  three nearest 
neighbors of ei contradicts its original class, then add it to the 
set A1. 

� F or each minority  class example ej ∈ C :  if its three nearest 
neighbors misclassify  ej, then the nearest neighbors that belong 
to the maj ority  classes are added to the set A2. 

� R emove from the learning set E these maj ority  class examples 
that belong to a set A1 ∪ A2. 
The nearest neighbors of a given example are found as in k -N N  

algorithm, w here k  =  3 , using a proper distance metric. A s the 
E uclidean distance is not the sufficient for solving real w orld 
problems w ith mixed data described by  numeric and nominal 
attributes, w e used the h et ero g eneo us v al ue di f f erence met ri c, 
w hich is defined as:  

 

 H V D M (x,y)  =  ∑ =

m
a aaa yxd1 2 ),(    (1 ) 

 
w here d(xa,ya) is the distance for attribute a describing examples x, 
y. F or numeric attributes it is defined as normaliz ed absolute value 
of the distance betw een values of an attribute. A  distance for  
a nominal attribute is the value difference metric, introduced by  
S tanfill and W altz , i.e. for attribute a, its values xa and ya it is 
defined as:  
 
 v dma(x,y)  =  ∑ =

−
K
c yacyaxacxa NNNN1 ,,,,,, )//(    (2 ) 

 
w here N a , x  is the number of examples w here attribute a gets value 
xa;  N a , x , c  is the number of examples w here attributes has value xa 
and the output class w as c. S imilar notation refers to value ya. The 
distance metric H V D M  provides an appropriate normaliz ation 
betw een numeric and nominal attributes, as w ell as betw een 
numeric attributes of different scales. M oreover, it handles 
unk now n attribute values by  assigning them a large distance. 

A fter removing noisy  and borderline examples from the 
maj ority  classes R in the above filtering procedure, the rule set is 
induced from remaining data. W e decided to use the algorithm 
M O D L E M , w hich w as introduced by  S tefanow sk i [ 8 ] . D ue to the 
siz e of this paper w e sk ip the formal presentation of this algorithm 
and w e only  discuss its main idea – for more details see also [ 9 ] . I t 
is based on the scheme of a seq uent i al  co v eri ng  and it heuristically  
generates a mi ni mal  set  of decision rules for every  decision 
concept. W hile look ing for the best elementary  conditions the 
entropy  based criterion is applied. The extra specificity  of the 
M O D L E M  algorithm is handling directly  numerical attributes 
during rule induction w hile elementary  conditions of rules are 
created, w ithout any  preliminary  di scret i z at i o n phase [ 9 ] . 

F inally , the set of induced rules is applied to classify  examples 
using the classification strategy  introduced by  G rz y mala-B usse in 
L E R S  sy stem, w hich tak es into account strength of all rules 
completely  matched and also allow s partially  matches if no rule 
fits the description of the tested example. 
 

4 . E x p e r i m e n t s  
 

The usefulness of the proposed approach w ill be evaluated 
experimentally . W e decided to compare its classification 
performance against other methods:  
� The standard rule based classifier induced by  M O D L E M  

algorithm w ithout any  additional techniq ues for handling 
imbalanced data. 

� The simple random under-sampling used together w ith the rule 
induction by  M O D L E M  algorithm. 

� The simple random over-sampling used together w ith the rule 
induction by  M O D L E M  algorithm. 
F or running our experiments w e used our ow n implementation 

of M O D L E M  rule induction algorithm and pre-processing /  
sampling modules - prepared for the W ek a toolk it. W ek a is an 
open source tool containing many  machine learning algorithms 
and data mining methods. This proj ect w as started by  W itten and 
F rank ;  see the W W W  link :   w w w .cs.w aik ato.ac.nz / ml/ w ek a. 

I n the experiments w e calculated tw o main measures 
characteristic for studies on imbalanced data, i.e. sensi t i v i t y and 
sp eci f i ci t y – they  w ere calculated for a minority  class, being also  
a class of particular interest in the given problems. B oth measures 
are represented as a number from the interval [ 0 ,1 ] , having the 
follow ing interpretation – the higher value, the better. 
F urthermore, w e w ill report a total accuracy  – as w e w ant to 
control the overall recognition of other classes besides the 
minority  one. The ty pical w ay  of representing accuracy  is by  using 
percentages – the higher value, the better. The values of all 
measures are evaluated according to the standard 1 0 -fold stratified 
cross validation w ay . 
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All classifiers were ev alu ated on 7  data sets,  wh ich  are popu lar 
mach ine learning  bench mark s coming  from th e U C I  repository  
[ 2 ] . T h e medical data are as follows:  women breast cancer data 
coming  from S lov enia and oth er breast cancer data coming  from 
W i sco nsi n ,  bu p a – liv e disorders,  p i m a,  h ep ati ti s. T wo oth er data 
sets are eco l i  and g l ass recog nition. D u e to limited paper siz e we 
sk ip detailed ch aracteristic – th e reader can find it at [ 2 ]  T h ese 
data were ch osen to be consistent with  oth er selectiv e sampling  
stu dies [ 1 ,  6 ,  7 ]  and on th e oth er h and to consider different deg rees 
of imbalance or to solv e difficu lt classification problems as 
medical ones. S ome of th e considered data sets were orig inally  
composed of more th an two decision classes,  h owev er,  to simplify  
problems we decided to g rou p all maj ority  classes into one. U nlik e 
ou r prev iou s ex periments [ 5 , 1 0 ]  we analy z ed th e orig inal form of 
data,  i.e. th ey  were neith er pre-discretiz ed nor missing  v alu es were 
su bstitu ted. T h e obtained resu lts are presented in table 1 . 

 
Tab. 1.  C l assi f i c at i o n  p e r f o r m an c e  o f  st an d ar d  r u l e  c l assi f i e r s an d  c o m bi n e d  w i t h :  

si m p l e  u n d e r -sam p l i n g ,  o v e r -sam p l i n g  an d  t h e  n e w  f i l t e r i n g  ap p r o ac h  
 

 
D a ta  

 
C l a ssif ie r  

 
M in o r ity  c l a ss 

 
T o ta l   

se t 
 

ty p e  se n sitiv ity  sp e c if ic ity  a c c u r a c y  

B r e ast  
c an c e r  
S l o v e n i a 

st an d ar d  
u n d e r -s 
o v e r -s 
f i l t e r i n g  

0.3 05 6  
0.5 971 
0.4043  
0.6 2 6 4 

0.8 5 05  
0.5 915  
0.8 6 5 7 
0.5 3 17 

6 9% 
5 9% 
73 % 
5 6 % 

 
B u p a 

 

st an d ar d  
u n d e r -s 
o v e r -s 
f i l t e r i n g  

0.72 90 
0.6 707 
0.5 93 5  
0.8 76 7 

0.5 45 0 
0.6 910 
0.75 2 1 
0.3 2 5 0 

6 2 % 
6 8 % 
6 9% 
5 6 % 

 
E c o l i  

 

st an d ar d  
u n d e r -s 
o v e r -s 
f i l t e r i n g  

0.416 7 
0.8 2 08  
0.5 15 0 
0.775 0 

0.96 6 7 
0.8 43 0 
0.95 78  
0.93 3 5  

91% 
8 4% 
91% 
92 % 

 
G l ass 

 

st an d ar d  
u n d e r -s 
o v e r -s 
f i l t e r i n g  

0.2 5 00 
0.78 00 
0.405 0 
0.4000 

0.98 47 
0.6 3 5 1 
0.98 17 
0.96 45  

92 % 
6 5 % 
94% 
92 % 

 
P i m a 

 

st an d ar d  
u n d e r -s 
o v e r -s 
f i l t e r i n g  

0.496 2  
0.7093  
0.5 5 19 
0.8 098  

0.8 46 0 
0.715 0 
0.8 148  
0.6 42 0 

72 % 
71% 
72 % 
70% 

B r e ast  
c an c e r  

W i sc o n si n  

st an d ar d  
u n d e r -s 
o v e r -s 
f i l t e r i n g  

0.908 3  
0.95 2 1 
0.8 3 2 6  
0.96 2 5  

0.95 8 6  
0.948 4 
0.8 6 19 
0.96 5 2  

94% 
95 % 
8 5 % 
96 % 

 
H e p at i t i s 

 

st an d ar d  
u n d e r -s 
o v e r -s 
f i l t e r i n g  

0.48 3 3  
0.73 72  
0.5 447 
0.6 5 00 

0.92 2 9 
0.712 6  
0.8 5 41 
0.8 3 6 4 

8 3 % 
72 % 
8 1% 
8 0% 

 

5. D i s c u s s i o n  
 

L et u s su mmariz e th e resu lts of ou r ex periments. D u e to specific 
properties of imbalance problem,  we are th e most interested in 
obtaining  th e h ig h est v alu es of mainly  sensitiv ity  measu re. I t is 
also desired to g et a compromise of its v alu e with  su fficiently  h ig h  
v alu es of two oth er measu res - specificity  and total accu racy . 

F irst we can observ e th at for all data sets th e new filtering  
approach  improv ed th e sensitiv ity  of ru le classifiers comparing  to 
th e standard classifier. F or some data sets th e increases were q u ite 
h ig h ,  see e.g . breast cancer S lov enia - 0 .3 2 ,  ecoli - 0 .3 5 8 ,  pima - 
0 .3 . C onsidering  th is criterion and oth er approach es th e new 
filtering  is g enerally  better th an simple random u nder-sampling  
and ov er-sampling . T h e only  ex ception is g lass,  wh ere u nder-
sampling  was th e first. W e cou ld also say  th at for oth er data sets 
u nder-sampling  u su ally  led to h ig h er sensitiv ity  th an ov er-
sampling . 

 

H owev er,  th e improv ement of sensitiv ity  may  be associated 
with  th e decrease of th e specificity  measu re – see e.g . resu lts for 
bu pa or pima. O n th e oth er h and considering  both  measu res added 
tog eth er we can conclu de th at th e g ain of introdu cing  th e new 
selectiv e filtering  is still th e h ig h est – ev en for th ese worse data. 

T h e similar observ ation concerns decreasing  th e total 
classification accu racy  wh ile improv ing  th e sensitiv ity . H owev er,  
for th e maj ority  of data set th is decrease may  be accepted. H ere,  
we can notice th e random ov er-sampling  is th e most robu st and 
maintains th e accu racy . 

T o su m u p,  th ese ex perimental resu lts sh ow th at th e new 
introdu ced approach ,  wh ich  contains a selectiv e filtering  ph ase 
before indu cing  ru le,  leads to improv ing  th e sensitiv ity  of ru le 
classifiers and it is competitiv e to popu lar sampling  tech niq u es. 

F inally ,  we remark  th at constru cting  classifiers from imbalanced 
data req u ires special ex tensions and it is still an open research  
field,  wh ere oth er concepts of ch ang ing  ph ase of indu cing  
classifiers are possible besides pre-processing ,  e.g . by  ch ang ing  
too g reedy  search  strateg ies or classification policy . S u ch  more 
adv anced meth ods are th e su bj ect of ong oing  research . 
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