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e ten the earch pace A a olution to thi repre entation pro lem
e intro uce a frame or that com ine feature election an genera
tion in a rapper a e approach uing a mo ifie genetic algorithm for
the feature tran formation an an in uctive learner for the evaluation of
the con tructe feature et he aici ea of thi concepti to com ine
the po itive earch propertie of conventional genetic algorithm  ith an
incremental a aptation of the earch pace o evaluate thi h ri fea
ture election an generation approach e compare it to everal feature
election rapper oth on artificial an real orl ata

One as ect in machine learning cr cial for s ccessf 11 solving a learning task at
hand is the formalism in which the h  otheses ie ossible sol tions arere re
sented Formall , the set of e am les iss eci ed sing a descri tion lang age

Single h  otheses  from the set of ossible h otheses are described
in a h otheses lang age In conventional machine learning methods, the
feat res sed in and are s all identical

wo learning tasks that handle the re resentation roblemb ro erl trans
forming an inade ate feat re s ace | are and

Models of ass me that the descri tion lang age

contains a s erset of the feat res that are s cient to describe the target
h othesis h s, learning com rises the selection of a feat re s bset that ma
imi es the learning erformance of a classi cation or regression task
Most machine learning methods for classi cation and regression are alread
designed to nd the most s itable, i e relevant feat res in a given feat re set
h s, feat re selection is alread 1im licitl done  evertheless one often needs
an additional re rocessing ste rior to the a lication of the act al learning

An overvie of 1 erent approache in feature a traction, election an con truction
i given in



method One reason is, that the rediction acc rac of man learning algorithms,
incl ding e g decision tree learners like decreases, when irrelevant or
red ndant feat res are added nother roblem artic larl affecting the
com tation time is the lacking scalabilit of man learning methods, since their
a licabilit signi cantl decreases on large scale data sets
wo of the ossible dimensions ro osed in  for categori ing different fea
t re selection algorithms are and ith
regard to the rst dimension, the sim lest search strateg 1is the
search, which g arantees to nd the best feat re s bset b t needs e onential
r ntime and th sis not a licable in most cases  nother class, called
search methods, ses an eval ation f nction that directs the search into areas of
increased erformance s bclass of these algorithms, called meth
ods, incrementall chooses feat re s bsets that lead to the highest erformance
increase in one iteration  wo instances of hill climbing methods are
and Forward selection starts with an em t
set of selected feat res and iterativel adds the feat re leading to the highest
erformance increase to the set of selected feat res, ntil the erformance can
not be enhanced an f rther b adding a single feat re  ackward elimination
starts with the com lete feat re set and iterativel removes the feat re whose
removal ields the ma imal erformance increase = ma or shortcoming of s ch
se ential hill climbing methods is their lacking abilit to co e with feat re
interaction, which is one of the main di c lties in feat re selection Feat re,
or attrib te, interaction is characteri ed as a sit ation, where the effect of a
artic lar feat re on the target de ends on the val e of other feat res
o lar robabilistic search method, that can handle these feat re interactions
are
ccording to the second dimension we can disting ish methods that select
feat re s bsets irres ective of their effect on the learning erformance known
as , from those that se a s eci ¢ learning method for
the eval ation of the feat re s bsets known as escri
tions of several h brid a roaches that se evol tionar methods for the feat re
selection and different learning methods for the eval ation of artic lar feat re
sets, es eciall and ,can be fo ndin , |, |
In contrast to the learning task of feat re selection, models of
enrich the h  othesis lang age with additional constr cted and derived
feat res, res ectivel h s, one goal of feat re generation and es eciall of
constr ctive ind ction is to reveal and accordingl re resent feat re de enden
cies e licitl | that cannot be fo nd b the a lied learning method alone
Feat re generation and selection are closel related learning tasks he can
be viewed as two sides of the re resentation roblem in machine learning,ie the
roblem of nding an ade ate re resentation lang age for the learning task at

Several efinition of feature relevance are tate in
rovi e , that the earch pace alrea  contain the earche h pothe i
A pecial ca e of feature generation u ing in uctive generali ation i al o no n a



hand In cases, where the given re resentation lang ageisins cient to describe
the learning roblem, feat re generation can assist in a gmenting the original
lang ageb a ro riatel com osed feat res In cases, where the re resentation
lang age contains more feat res than necessar to solve the learning task, feat re
selection can be sed to sim lif the lang age Since some of the constr cted
feat res are irrelevant or red ndant, the can be eliminated from the feat re set
b a ro er selection method orres onding h brid a roaches that combine
feat re generation and selection can e g be fo nd in
roaches sing a combination of feat re generation and selection methods
based on robabilistic search strategies have rarel been considered so far | |
n according framework sing bitstrings for the feat re re resentation,
o erators for the feat re transformation and for the feat re eval ation is
described in In contrast too r based wra era roach, this framework
does not rovide the se of meta data for the feat re generation rocess to
restrict the res lting search s ace to sef 1, 1 e admissible, s bs aces and th s
to accelerate the search rocess
In the following section, we describe o r h brid feat re selection and genera
tion a roach in more detail Since we se amodi ed genetic algorithm ada ted
to the rocess of feat re transformation, we start with a short introd ction
into the a lied conce ts of canonical genetic algorithms hen, we resent the
modi ed genetic o erators, com rising m tation, crossover, and an additional
t e restricted feat re generator fterwards, we delineate the feat re eval a
tion conce t sing an arbitrar ind ction algorithm  com arison of this h brid
feat re selection and generation a roach with several feat re selection wra
ers, both on arti cial and real world data, i1s resented in the third art of this
a er

In this section, we introd ce a wra er based a roach sing a modi ed ge
netic algorithm for the incremental selection and generation of new feat res,
em lo ing an attrib te based ind ction algorithm for the eval ation of the fea
t re sets at hand  he general idea is to combine the ositive search ro erties
of conventional genetic algorithms with the o tion to ada t the search s ace
incrementall
he combined a roach as stated in Fig re is an ada ted version of the
wra er a roach resented in ccording to o r a roach, the feat re se
lection and generation b means of a modi ed genetic algorithm encloses the
chosen ind ction algorithm he genetic algorithm cond cts the search for a
good feat re s bset sing the ind ction algorithm for the eval ation of the ¢ r
rent feat re s bsets  he training data set the ind ction algorithm is r n on, is
artitioned into internal training and hold o t sets, with different sets of feat res
removed from and added to the data he rocess of creating feat re sets, sing
the modi ed genetic algorithm and eval ating these sets 1s re eated ntil a given

he in uction algorithm e cho e in our e periment a a upport vector machine
S , although an other in uctive learning algorithm coul have een u e



Com ine rapper a e feature election an generation approach

termination criterion is f 1 lled  his criterion co ld e g be a ma im mn mber
of generations, a  ed time limit, the achievement of a reliminar tness val e,
or the convergence of the genetic algorithm  he res Iting feat re set i1s chosen
as the mnal set on which to r n the ind ction algorithm he nal eval ation of
the res lting classi er is done sing an inde endent test set not sed d ring the
learning ste
once tionall | the ke idea in sing the incremental feat re generator in
the conte t of a genetic algorithm is, that an feat re can be generated with a
robabilit in a nite n mber of iterations, 1 e generations of the genetic
algorithm, given artic lar feat re generators and the original feat res h s,
more formall , given a feat re set  at time oint , a set of feat re generators
a licable in one ste with and being the target feat re, then
the following ro osition is ass med

lim

he following section gives a short introd ction into genetic algorithms as
the are described eg in | and resents the modi cations that have been
cond cted on the standard genetic o erators to erform the task of feat re
selection and generation

he canonical genetic algorithm works on an t le of binar strings  of
length |, where the bits of each string are considered to be genes of an individ al
chromosome, and where the t le is said to be a o lation Following the
terminolog of biologic evol tion the o erations erformed on the o lation
are called , , and ach individ al re resents a
feasible sol tion of a given roblem and its ob ective f nction val e is
said to be its tness, which has to be ma imi ed he general framework of

In thi conte t e have to i tingui h et een the election of feature in a feature
et an the election of in ivi ual in an evolutionar en e



he main algorithm of a canonical genetic algorithm

a canonical genetic algorithm is shown in g re ccording to this g re,
we rst of all create an initial o lation, which is generall done b setting
each bit of a chromosome, or individ al, to or with robabilit each In

the ne t ste , the individ als are eval ated based on a given tness f nction
In the main loo we select artic lar chromosomes for re rod ction, var
them b m tation and crossover, and eval ate them sing the tness f nction
he standard selection scheme is the so called In
, the robabilit for an individ al to be selected
for recombination 1s ro ortional to its relative tness val e, or more formall
given b fter  individ als have been selected, the
variation o erators, m tation and crossover, are a lied
For the , 1t rst has to be determined, if a crossover sho ld be a
lied at all  herefore we generate a niforml distrib ted random variable
in the interval | crossover will onl be erformed if , with  being
the given robabilit of erforming a crossover In this case we randoml chose
two individ als from the set of selected individ als for the crossover roced re
he crossover t e s all a lied in the canonical genetic algorithm is the so
called oa 1 this o erator we rst have to determine a
crossover oint and afterwards e change the string sections of the two arent
strings on the right hand side of this oint he o erator is the sec
ond variation o erator and randoml 1 s single bits on a s eci ¢ chromosome
given a rede ned m tation robabilit his o eration is generall necessar
to reintrod ce alleles bit val es , which corres ond to feat resino ra roach,
that converged to a certain val e and th s co ld never be regained b means
of sim le crossover he rocess of choosing two individ als from a set of se
lected individ als and a 1 ing the variation o erators on them is re eated
times he whole evol tionar c¢ cle of selection, recombination, and eval ation
roceeds ntil a given termination criterion 1s f 1 lled

In the revio s section we introd ced the main algorithm of a canonical genetic
algorithm From a machine learning oint of view, genetic algorithms can be
seen as a rob st search strateg for large h otheses s aces, where onl little



he main algorithm of the mo ifie genetic algorithm

knowledge abo t the given search s ace is needed In order to se genetic algo
rithms for feat re selection and generation, we have to ada t the re resentation
of the original feat re s ace to the evol tionar setting In o r a roach, each
chromosome is inter reted as a binar re resentation bit string of an nderl

ing feat re set,1e each gene is associated with a artic lar feat re  gene val e
of means, that the corres onding feat re is selected in the c¢ rrent feat re
set, whereas a gene val e of re resents a deselected feat re For the r ose
of a 1 ing genetic algorithms to the task of ada tive feat re s ace transforma
tion, we have to artiall modif the standard genetic o erators and

rossover recombines different individ als; 1 e feat re sets, whereas m tation
selects, or deselects single feat res of a artic lar individ al res ectivel he
idea behind the crossover o erator is to combine good feat re sets to create
even better ones Since the length of a single individ al can var b adding
new generated feat res, we have to modif the standard crossover o erator
In contrast to the crossover o erator, the standard m tation o erator can be
ado ted witho t changes  dditionall to the standard genetic o erators, we
introd ce an o erator that, given a artic lar generator, rod ces new feat res
b combining those selected feat res in a given feat re set that agree with the
generator s t e restrictions
Fig re shows the main algorithm of o r new a roach combining feat re
selection and generation b means of a genetic algorithm e se tness ro or
tional selection, combined with an elitist strateg he elitist strateg ens res
that the best individ al of a generation remains in the o lation,ie all arents
arere laced b the child o lation,e ce t for the best individ al of the ¢ rrent
generation  he whole evol tionar c cle of selection, variation, feat re genera
tion, and feat re set eval ation roceeds, ntil a given termination criterion is

f 1 lled

Fig re shows an ada ted version of the standard one oint crossover sed in ge
netic algorithms that can co e with variable length chromosomes, res lting from
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o ifie cro over operator for the a apte genetic algorithm

the a lication of a feat re generator to individ al feat res on a chromosome
he two arent individ als rior to the a lication of the crossover o erator
are shown on the to of the g re whereas the two res lting child individ als
a ear at the bottom o se the crossover o erator, a corres onding crossover
oint indicated b the thin vertical lines has to be determined S bse entl |
the feat res of the two individ als on the right side of this oint are e changed
he left arent individ al,shown on g re | contains the original feat res |

, and two generated feat res and , the right arent individ al contains
the original feat res | and as well as three generated feat res , and

Fig re shows an e am le for the rocess of m tating single individ als In
the setting of feat re transformation, m tation of an individ alb 1 ing one
or more bits on the bit string corres onds to the selection indicated b a gra
shading or deselection of the res ective feat res indicated b a white shading
he to of this g re shows an individ al, containing seven feat res, ve of
which are selected fter m tation, feat re  which originall was selected is
now deselected and feat re which formerl was deselected is now selected

’xlyl z|x*z|y/z|x*x| y+z‘

[ Mutation )

’x|y| z|x*z|y/z|x*x| y+z‘

utation operator for the a apte genetic algorithm

he ha e of gra in icate 1 erent u tring on the chromo ome to clarif the
cro over proce an houl not e mita en ith the ha e of gra on figure
an that enote the election an e election of feature in a feature et



once tionall | the variation o erators crossover and m tation foc s the search
for a good feat re set on different s bs aces of the original feat res ace, whereas
feat re generation enlarges the original s ace iven a feat re set F, a set

of selected feat res , and a set of feat re generators
, we rst choose a artic lar feat re generator for the

generation rocess hen, b checking the t es of all feat res in | the com
atible feat re s bsets are determined with regard to the

t e restrictions of the generator at hand Finall | the chosen feat re generator

is a lied to the set of com atible feat res or a s bset thereof and the re
s lting feat res are added to the original feat re set he set
of com atible feat res is not limited to original feat res, b t can also contain
com o nd feat res that have alread been created b a generator his ro
ert allows rec rsive feat re generation and th s the constr ction of arbitraril
com le feat res

Choose feature set n

e
Choose generator @ -

Choose suitable features n

Apply generator ‘
to chosen features

S [2[]

eature generation operator u e in the com ine approach

Fig re e em li es a concrete feat re generation rocess he to of this
g re shows an individ al, containing fo roriginal feat res , , and | whereas
onl |, and arec rrentl selected he ne t ste is to randoml choose a
generator from the rede ned set of generators Feat re generators ma handle
e g boolean, mathematical, transcendental or domain s eci ¢ f nctions and o
erate on individ al feat res as well as on entire feat re sets In this case the
generator is chosen, which combines two n meric feat res b sim 1 adding their
feat re val es fter the generator is determined, the corres onding feat res, in
this case two n meric feat res, have to be chosen  ss ming, that , and
are all n meric feat res and th sf 1 1l the given t e restrictions, we randoml
choose and Finall | we a end the generated feat re to the end of the
bit string, 1 e add it to the original feat re set
oth, the ma imal n mber of feat res that ma be added to one feat re
set in a single ste as well as the set of generators that can be sed have to



be redetermined b the ser he act al n mber of created feat res and the
artic lar generators are determined stochasticall
n obvio s advantage of singt e restricted constr ctors lies in the limita
tion of the set of constr ctible feat res to a well formed s bset  his restriction
leads to an acceleration of the search for a good re resentation, b onl e tending
the search s ace b sef 1s bs aces

o calc late the tness val e of a artic lar individ al, 1e of a single feat re
set, and th s to determine the alit of this feat re set some kind of eval ation
method is re ired In order to a 1 the eval ation method, we have to ada t
the e am le set to the c rrent feat re sets, b removing the val es for the
deselected feat res and adding the val es for newl generated feat res  his
modi ed e am le set now serves as the training data for the learning method

he ind ced model is a lied to the test data to eval ate the tness of the
given feat re set  his eval ation roced re is embedded into two nested cross
validations, where the inner one serves for the determination of the best feat re
set and the o ter one for its overall validation

o eval ate the resented a roach, we rst com ared it with a genetic feat re

selection wra er sing an arti cial data set he target f nction was given
b ,1e thes m of ve given feat res, containing three basic
feat res to and two constr cted feat res and

he erformance eval ation was done sing two nested cross validations he
inner cross validation was sed to nd a good feat re set, while the o ter cross
validation was sed to eval ate the erformance of this feat re set on an e tra
validation set For both a roaches, the arameters for the genetic algorithm
were set to for the n mber of generations, for the o lation si e, for
the crossover robabilit | for the m tation,ie feat re selection robabilit |
and for the feat re generation robabilit  heind ction algorithm we chose
was a regression S M ;o with com le 1t and , sing
a dot kernel

he res lts resented in able show that the combined a roach clearl

o t erformed the genetic feat re selection wra er in cases of missing relevant
feat res In cases of different amo nts of noise, 1 e additional irrelevant feat res
and even in the o timal case where the original feat re set was given, this a

roach t rned o t to bes erior to the sim le selection a roach F rthermore,
in the case where no generated feat res from the original feat re set were given in
advance, the new a roach e actl reconstr cted these missing feat res d ring
the search rocess

or the e periment , oth on real orl an artificial ata, the machine learning
environment a ue
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Comparing the performance of a imple feature election approach u ing a
genetic algorithm ith the com ine approach on an artificial ata et in term of the
average a olute error average relative error in parenthe e

his section resents a com arison of the a ro riateness of different chains of
feat re generation and selection methods for an a lication roblem from chro
matogra h hromatogra h 1is sed in chemical ind stries to se arate tem
erat re sensitive s bstances  mi t re of com onents is in ected for a certain
amo nt of time into a col mn, lled with oro s articles e to the different
adsor tion strengths of the s bstances on the oro s articles, the com onents
have vario s velocities in the col mn and reach its end at different times, where
the can be se arated he learning task considered here is to redict the fo r
characteristic coe cients of a two com onent mi t re given the corres onding
chromatogram time series ~ wo constants, namel the and co
e cients, determine the chromatogram of a s bstance he data set contains
e am les with feat res each, 1 e with meas rements at e idistant
oints of time of the chromatogram time series for each of the two com onents
Since the learning task again was a regression roblem, we sed aregression S M
thro gho t the following e eriments hes  ort vector machine was a  lied,
sing a radial basis kernel with , , and he learning
erformance was eval ated in terms of the absol te and relative rediction er
ror, com aring redicted and real val es of the and constants
ased on the str ct re of the overall learning task, we s stematicall com ared
the erformance of different learning chains, com rising feat re generation and
selection he e erimental res Its are shown in able
In the rst e eriment, we sim 1 sed the original time series feat res to
learn and eval ate an S M model witho t an  re rocessing ste s  he corre
s onding learning chain, com rising learner, model a lier and eval ator, was
enclosed b a fo r fold cross validation e to noise in the sim lated meas re
ments of the original feat res, this o erator chain onl ielded a oor rediction
erformance  he second chain additionall contained a re rocessing o era
tor that generated n meric characteristics from the original time series data
hese new feat res incl de the osition ie oints of time and the val e ie

he e parameter value have een etermine in preliminar te t
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Average a olute error for the target value an onat o

u tance mi ture, te te on 1 erent operator chain average relative error in paren
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concentration of the s bstance at the col mn o t t of the ma im m of the
chromatogram and the and coordinates of the two in ection oints left and
right of the ma im m Since the sensor readings ma be nois
slightl shifted along the time a is among different meas rements, an individ al
feat re in the time series of an e am le, 1 e the concentration meas red at one

artic lar oint of time, is not ver reliable s e ected, the constr ction of

these rob st feat res signi cantl im roved the learning res 1t

and erha s

Since it was not obvio s, which of the new and which of the original feat res
were reall hel f | in solving the learning task, an additional feat re selection
ste was erformed s bse ent to the feat re generation ste to obtain a feat re
set well s ited for the given learning task ifferent feat re selection wra

FS ,
were em lo ed red cing the set of feat res and increasing the
learning erformance in terms of the absol te and relative rediction error Fi
nall | we tested o r new a roach combining feat re generation and selection
on the given learning roblem, sing the same arameter settings as in the case
of the genetic feat re selection wra er In this setting, feat re generation and
sed as s bse ent re rocessing ste s, b t intertwined in

roach In the case of the genetic algorithm for feat re se

ers,

namel and a

selection were not
a feat re wra er a

lection we sed generations, a o lation si e of  individ als, a m tation
robabilit of , a crossover robabilit of | ,
and he combined a roach ielded a similar rediction

erformance com ared to the feat re selection wra er sing a genetic algo

rithm, b t re ired signi cantl less r ntime



In this a er, we resented a general framework that connects feat re genera
tion and selection in a combined a roach sing a modi ed genetic algorithm
for feat re transformation and an ind ctive learner for the feat re eval ation
o restrict the amo nt of generated feat res and th s to accelerate the search
rocess, we introd ced at e restricted feat re generation conce t e showed,
that in cases where the original feat re set isinade ate with regard to the given
learning task, one can signi cantl im rove the learning erformance b adding
relevant feat res b means of and removing irrelevant feat res
b a 1 ing methods
Itho gh the learning erformance in terms of redictive error and learning
time signi cantl im roved com ared to a sim le genetic feat re selection wra
er b incrementall ada ting and , the search rocess co 1d be f rther
enhanced b sing rior knowledge abo t the search s ace  herefore the o en
estion remains, how a demand driven control of the feat re generation rocess,
es eciall for the case of regression roblems, co ld be reali ed In this conte t,
demand driven control means to recisel determine s eci c feat re generators
and chose artic lar feat res that rod ce individ als with high tness val es
nother o en  estion is, to what e tent a d namic interaction of feat re gen
eration and selection in terms of a controlled se ence of different search s ace
transformations can be reali ed
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