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t. This paper argues that in order to perform data miningon large relational databases with multiple tables, one needs to go be-yond the traditional attribute-value learning (AVL) te
hniques. Indu
tiveLogi
 Programming lifts the expressivity to the level of �rst-order logi
,well-suited for this task. Several subsets of FOL with di�erent expressivepower have been proposed in ILP. The Datalog language is expressiveenough to represent realisti
 learning problems when data is given di-re
tly in a multi-relational database. The diÆ
ulty lies in the fa
t thatthe more expressive the hypothesis language the learner works with, themore 
riti
al the dimensionality of the learning task. The dimensionalityproblem, addressed for de
ades in Ma
hine Learning, is typi
ally ta
kledby Feature Subset Sele
tion (FS) te
hniques. The idea of re-using thesete
hniques in ILP runs immediately into a problem as examples havevariable size and do not share the same set of literals. The long-termgoal of this resear
h is to develop tools that will s
ale up the ILP learn-ers to make them usable on realisti
 data mining tasks presented by theKDD 
ommunity.We propose here the �rst paradigm that brings FeatureSubset Sele
tion to the level of ILP, in languages at least as expressive asDatalog. The main idea is to approximate the original relational problemby a multi-instan
e problem, a representation suitable for FS te
hniques.The method a
ts as a �lter, prepro
essing the relational data, prior tothe model building, whi
h outputs relational examples with empiri
allyrelevant literals. An implementation of the paradigm is proposed andsu

essfully applied to the bio
hemi
al mutagenesis domain.1 Introdu
tionLooking ba
k at the many su

esses of KDD and Data Mining in the last de
ade,some resear
hers ask where should the �eld go next. Many point to limitationsof the representations of the data and the derived knowledge in the existingmethods. Most of the existing work uses an attribute-value language (AVL), i.e.ea
h data item des
ribes the same single entity. At the logi
al level, this AVLrepresentation is equivalent to propositional logi
. There are 
ompelling reasonsthat require the resear
hers to look beyond this representation. An importantone for the use of relational representations is that KDD is best understood



invoking the database 
ontext. In KDD, even more than in Ma
hine Learning, itis natural to perform indu
tive dis
overy working on data derived dire
tly fromrelational databases. In this 
ontext, the presen
e of foreign keys requires theuse of a relatively expressive representation, su
h as Datalog [11, 3℄.In Ma
hine Learning, the idea of indu
ing general knowledge from examplesin First Order Logi
 (FOL) has been known as Indu
tive Logi
 Programming forthe last 10 years. Many a
hievements have been a

omplished, but resear
hershave now realized that there exists a di
hotomy between expressiveness and eÆ-
ien
y [19℄. One of the main diÆ
ulties that prevents ILP from ta
kling large-sizeproblems typi
al of KDD appli
ations is the dimensionality of the hypothesisspa
e, whi
h is 
onsiderably larger than in AVL. Even more importantly, the
overage test (or 
onjun
tive query problem in relational database terminology)involves logi
al mat
hing of FOL formulae representing the hypotheses againstthe training examples. Sin
e this type of mat
hing is NP-
omplete, 
overage test-ing, in the worst 
ase, is exponentially more expensive than the same operationin AVL indu
tion. Therefore there is an additional interest in limiting the size ofhypotheses spa
es to de
rease the total 
ost of 
overage tests. In AVL learning,the dimensionality problem has been addressed for years by feature sele
tionte
hniques. Several su

essful approa
hes to feature sele
tion (FS) have beenproposed [12, 13℄, and are widely used not only in resear
h but also in industrialpra
ti
e, as feature sele
tion fun
tions are in
luded in 
ommer
ial data miningsystems like Mineset and SIPINA. It is only natural to ask if feature sele
tion
ould be applied to ILP as well. Following F�urnkranz [10℄, we argue that theusual stati
 ILP approa
h to limit the hypothesis spa
e [16℄ through a restri
tedhypothesis bias needs to be 
omplemented by a dynami
, data-driven approa
hsimilar to the su

essful FS methods in AVL.However, the idea of performing FS in an ILP setting runs immediately into aproblem. All data-driven FS methods rely on the values of a �xed set of attributesto evaluate their relevan
e. In ILP, though, due to the level of expressivity, thereis no �xed set of attributes for a given problem: literals 
hange from example toexample, and examples have a variable number of literals. If we 
an agree that�ltering a relational problem would output a new relational problem where ea
hexample has got its irrelevant literals removed, what is an attribute in ILP? Themain idea of this paper is to fo
us on �ltering one example at a time. Indeed,using the example as a pattern, we 
an redes
ribe the whole relational problemwith respe
t to this pattern. We will obtain a multi-instan
e problem [8, 6℄ rep-resentative of the initial problem, where the �xed set of literals of the pattern isused as the �xed set of attributes. Extending an FS algorithm to deal with thisrepresentation, we will be able to evaluate the relevan
e of the pattern's literals,that is, of the given example. Finally, 
onsidering all examples in turn will �lterthe whole database.The underlying 
hange of representation, so-
alled multi-instan
e propositional-ization, begins to be investigated by several resear
hers [21, 26, 2℄. It reformulatesthe FOL learning problem as a multi-instan
e one, aiming at preserving all theinformation with respe
t to the pattern used. We would like to point out that



this 
hange of representation strongly di�ers from Kramer's propositionalization[14℄, whi
h is a feature 
ontru
tion pro
ess of boolean attributes. We are goingto see that the reformulated problem obtained by the multi-instan
e proposi-tionalization shows parti
ularities that imply some 
onstraints on the design ofthe �ltering algorithm, whi
h, as far as we know, has not been investigated.It has to be noted that Lavra�
 et al. [15℄ have proposed a feature sele
tionframework in ILP, using a 
onstrained language named Dedu
tive Hierar
hi
alDataBase (DHDB). This language does not allow existential variables and there-fore the 
overage test is quadrati
. Hen
e, all problems des
ribed in DHDB 
anbe 
ompiled into propositional logi
 in polynomial time. This subset of the �rstorder logi
 being equivalent to the propositional logi
, feature sele
tion te
h-niques 
an be straightforwardly applied, but this language is too limited to han-dle 
urrent ILP ben
hmark datasets like mutagenesis (se
t. 4) or multi-relationaldatabases [11℄.In the next se
tion we introdu
e, after some notations used in this paper, themulti-instan
e propositionalization. In se
tion 3, after presenting our paradigmto perform FS in ILP, we show the need to extend 
lassi
al feature sele
tionalgorithms and propose an implementation the paradigm. The method is thenempiri
ally validated on the mutagenesis problem, a real-word dataset in ILPused as ben
hmark se
tion 4. We 
on
lude after dis
ussing the experiments per-formed with our approa
h.2 Multi-instan
e PropositionalizationWe address learning in the non-re
ursive Datalog language, whi
h is a non re
ur-sive Horn 
lause language without fun
tion symbols other than 
onstants. Weuse the typi
al learning by impli
ation paradigm [7℄, des
ribed as the following:Given a set of positive examples E+ and negative examples E�, �nd a hypoth-esis, h, su
h that:{ 8e+ 2 E+; h � e+{ 8e� 2 E�; h 6� e�In other words, we need to �nd a hypothesis whi
h generalizes or subsumesall positive examples and does not subsume a negative example. In Datalog,the logi
al impli
ation is equivalent to �-subsumption [17℄, whi
h is de
idable.Unfortunately, as far as 
ompleteness is 
on
erned, no re�nement operator 
anbe de�ned [25℄, and therefore, we rely on weaker partial orders. In this paper,we will use the OI-subsumption:De�nition 1 (OI-subsumption [9℄). A 
lause C �-subsumes a 
lause D i�there exists a one-to-one mapping (substitution) � s.t. C� � DOI-subsumption is viewed as an extension of the unique name assumption tovariables. Its advantage is that learning under su
h a relation is easily me
haniz-able and e�e
tive [9℄. Moreover, the expressive power of Datalog theories under



OI-subsumption is the same as under �-subsumption, but the former are moreappealing for experts [23℄.The multi-instan
e propositionalization [21, 26, 2℄ is a representation shiftthat reformulates the FOL learning problem as a multi-instan
e problem, aim-ing at preserving the expressive power of the original problem. This approa
h,adapted for di�erent learning systems, is based on the following prin
iple: givenan FOL formula P , the propositionalization pattern, ea
h FOL example e is de-s
ribed as a set of attribute-value ve
tors that have been 
omputed from the setof mat
hing substitutions between P and e. In other words, de�ning a patternallows to use its literals to de�ne a �xed set of attributes to re-des
ribe all theFOL examples, and, ea
h mat
hing substitution is used to assess the values ofattributes (see [22℄ for details on the di�erent kinds of attributes).As a �rst attempt, we restri
t ourselves to relational learning, even if the multi-instan
e propositionalization is general enough to address numeri
al learning inFOL [22℄. The relational problem is typi
ally the non-determinate part of thelearning problem, and therefore the part where the dimensionality is the most
riti
al. Consequently, in relational learning, the value of ea
h attribute for a par-ti
ular substitution indi
ates the mat
hing or not of its 
orresponding predi
ate:the new instan
e spa
e is a boolean instan
e spa
e only.2.1 Propositionalization of the Training SetWe brie
y des
ribe the propositionalization pro
ess through an example as itis similar to the one de�ned in [2℄, althought for another purpose. We de�nethe pattern of propositionalization P as the variabilization of a given positiveexample, under OI-subsumption.Ea
h literal of P de�nes a boolean attribute that will be used to reformulateea
h FOL example e (positive or negative) of the training set as a set of booleanve
tors. A boolean ve
tor is 
onstru
ted for ea
h substitution �k that mat
hesa subset of P to a subset of e. For 
onvenien
e, we will not distinguish in theremainder of the paper a mat
hing (substitution) from its asso
iated booleanve
tor.Example 1. Let us 
onsider the non-re
ursive Datalog spa
e ordered by OI-subsumption. Let E, and E0 be two positive examples and NE be a negativeexample of the target 
on
ept, inspired by R. Mi
halsky'trains problem1:E': train(t)  
ar(t,
1),short(
1),has load(
1,l11),re
tangular(l11),
ar(t,
2),short(
2),has load(
2,l21),
ir
ular(l21).E: train(t)  
ar(t,
1),long(
1),has load(
1,l11),re
tangular(l11),
ar(t,
2),long(
2),has load(
2,l21),hexagonal(l21),
ar(t,
3),short(
3),has load(
3,l31),hexagonal(l31).NE: train(t) 
ar(t,
1),long(
1),has load(
1,l11),re
tangular(l11),
ar(t,
2),short(
2),has load(
2,l21),hexagonal(l21),
ar(t,
3),short(
3),has load(
3,l31),
ir
ular(l31).1 This language of representation uses existential variables and therefore is more ex-pressive than DHDB.



To redes
ribe the whole dataset, we use E0 to 
onstru
t the pattern P . Webuild it as the maximal variabilization of E0 (omitting the head):P : 
ar(V,W),short(W),has load(W,X),re
tangular(X),
ar(V,Y),short(Y),has load(Y,Z),
ir
ular(Z).Given P , we build the new instan
e spa
e showed in Table 1. Let us more
losely 
onsider how example E is reformulated. The propositionalization algo-rithm sear
hes for all substitutions whi
h, when applied to literals of P , willresult in literals belonging to E. The propositionalization pro
ess �rst builds thesubstitution �E;1 = fW=
1; X=l11; Y=
2; Z=l21g. Noti
e that literal 
ir
ular(Z)of P has not been mat
hed to any literal of E, hen
e the value "false". Whensear
hing for another possible mat
hing for literals 
ar(V;W ) and 
ar(V; Y ) withliterals of E, one gets another substitution �E;2 = fW=
1; X=l11; Y=
3; Z=l31g.Another mat
hing of these literals with E yields �E;i = fW=
3; X=l31; Y=
2; Z=l21gand neither re
tangular(X) or 
ir
ular(Z) are mat
hed. In our example, threeother substitutions (and therefore three other boolean ve
tors) are obtainedwhen sear
hing among all possible partial mat
hings of variables of P with 
on-stants of E is 
ompleted.Table 1. The tabular representation of a FOL problemP 
ar(V,W) short(W) hl(W,X) re
t(Z) 
ar(V,Y) short(Y) hl(Y,Z) 
ir
(Z)�P 1 1 1 1 1 1 1 1�E;1 1 0 1 1 1 0 1 0�E;2 1 0 1 1 1 1 1 0: : :�E;i 1 0 1 0 1 0 1 0: : :�NE;1 1 0 1 1 1 1 1 0�NE;2 1 0 1 1 1 1 1 1: : :�NE;j 1 1 1 0 1 0 1 0: : :
2.2 New Learning TaskAs ea
h ve
tor represents a mat
hing of P 's literals to the ones of the FOLexamples, ea
h reformulated example is des
ribed by a set of ve
tors more generalthan or equal to P . Therefore, by 
onstru
tion, the propositionalization patternP is represented by the bottommost element of the new instan
e spa
e (�Pin table 1). There exists a one-to-one mapping between ea
h ve
tor and the
orresponding FOL des
ription where the synta
ti
 representative is simply asubset of the 
hosen propositionalization pattern.



As pointed out in [26℄, the learning task is no longer to indu
e a FOL 
on
ept
onsistent with all positive and negative boolean ve
tors but is now a multi-instan
e problem[8℄:De�nition 2. The reformulated learning task 
onsists in �nding a 
on
ept that
overs for ea
h FOL positive example at least one of its asso
iated boolean ve
tors(
ompleteness) and none of the boolean ve
tors asso
iated to any FOL negativeexample (
orre
tness).As far as 
ompleteness is 
on
erned, it has been proved that multi-instan
epropositionalization under OI-subsumption is a sound 
hange of representation,in the sense that the set of solutions is preserved. We will refer to [1℄ for details.3 Feature Sele
tion in ILPAs we have shown, the multi-instan
e propositionalization (MIP2) is based ona de�nition of a pattern to rede�ne the original relational problem. We use theset of P 's literals as set of attributes, and we use ea
h substitution mat
hingliterals of P to a given example to re-des
ribe this example in terms of the setof attributes. Using �ltering (feature sele
tion) te
hniques adapted to work withthe reformulated problem, one 
an sele
t features that 
orrespond to a sele
tionof literals of the propositionalization pattern. If we set a positive3 example asthe propositionalization pattern and sele
t a subset of literals as proposed, wewill perform a feature subset sele
tion of this positive example.However, as pointed out by [21, 6℄, attribute-value algorithms working onthe reformulated problem must deal with data of exponential size wrt the FOLproblem. For example, under OI-subsumption and given a pattern P , a FOLexample is theoreti
ally to be reformulated as a set of niPmi ve
tors, where niandmi are the number of o

urren
es of predi
ate symbol pi in the FOL examplee and in P , respe
tively. For instan
e, in the mutagenesis dataset, des
ribedin se
tion 4 the potential number of mat
hings is 40P40 = 40!. But this setis highly redundant [2℄ and only few ve
tors are indeed suÆ
ient to representthe whole instan
e spa
e. Algorithms 
an be designed to approximate this setof non-redundant ve
tors in order to 
ope with the intra
tability of the MIP.Indeed, this set is known to be the set of the most spe
i�
 ve
tors in the booleanlatti
e-like instan
e spa
e (the nearest-misses and nearest-hits of the pattern).An approximation 
an be a
hieved by working with a subset of ve
tors whoseelements are as 
lose as possible to the non-redundant, minimal elements. Wewill refer to this approa
h as bounded multi-instan
e propositionalization.Therefore, we propose the following overall s
heme for sele
ting features inILP:2 We will indi�erently refer as MIP to both the 
hange of representation pro
ess andthe result of this pro
ess (a multi-instan
e problem, see se
tion 2.2)3 In the learning by impli
ation paradigm, it does not make sense to �lter negativeexamples sin
e the more spe
i�
 they are, the more informative is the training set.



1. set a not-yet-�ltered positive FOL example as the propositionalization pat-tern and perform a bounded MIP of the relational problem2. apply a propositional feature sele
tion �lter, upgraded for handling MIP (the
hoi
e of a relevant �lter will be dis
ussed below)3. output the �ltered example, by mapping the sele
ted features onto the rele-vant literals4. reiterate with ea
h remaining not-yet-�ltered positive examples of the rela-tional databaseThe result of steps 1-4 represents a redu
ed FOL representation of the origi-nal problem. This redu
ed representation is then given, as in the AVL FS setting,to an FOL learner to obtain the �nal solution. In se
tions 4.1 - 4.2, in order toempiri
ally evaluate the paradigm, we are going to propose a simple implemen-tation of the above steps. We will dis
uss its limitations in se
tion 5.3.1 Bounded Multi-instan
e PropositionalizationOne of the simplest bounded propositionalization s
hemes has been proposedby Sebag et al. [22℄. They apply a sto
hasti
 pro
ess where k mat
hings aresele
ted to yield a bounded reformulated problem, with k being a user-suppliedparameter. This approa
h has been su

essfully used in the learning systemSTILL.For the sto
hasti
 sele
tion, we use, similarly to STILL, a uniform samplingwith repla
ement. This algorithm works just like the propositionalization de-s
ribed in Se
t. 2. Instead of an exhaustive sear
h of all the mat
hings for agiven literal, one pi
ks one of them randomly. Therefore, given k, the number ofve
tors to be 
omputed, the time 
omplexity is O (k jP j jej), with P and e beingthe propositionalization pattern and the example respe
tively.3.2 Feature Sele
tion of the Reformulated ProblemIn the proposed approa
h, feature sele
tion is performed by �rst reformulatingthe relational problem, and then by applying feature subset sele
tion te
hniques.Consequently, the �lter methods used for feature sele
tion must perform well inthe 
ontext of a :{ multi-instan
e representation{ bounded multi-instan
e propositionalizationMore pre
isely, these two approa
hes 
ombined will inevitably produ
e noise,and therefore, the issue of noise resistan
e has to be addressed while designing a�lter algorithm. First of all, it has been pointed out that the underlying multi-instan
e representation of the reformulated problem 
ould be seen as a 
lass-noisy representation of the positive data [4, 5℄. A

ording to de�nition 2, ea
hpositive FOL example is represented by a set of ve
tors, su
h that 
overingonly one of them is suÆ
ient to 
over the FOL example. This problem has been



studied in the ILP 
ommunity and relaxing the 
ompleteness is typi
ally applied[26, 2℄.We want to fo
us on the parti
ular sour
e of noise that is the bounded MIP,whi
h indu
es both 
lass and attribute noise. On one hand, the propositional-ization shifts the initial instan
e spa
e into a boolean one bounded from belowby the pattern, ea
h reformulation of FOL examples being 
asted onto this newspa
e. For instan
e, reformulating a negative FOL example will produ
e a set ofnegative boolean ve
tors. The 
onverse does not ne
essarily hold while reformu-lating a positive example. Indeed, in the disjun
tive learning 
ase, the patternand the positive example may not belong to the same sub-
on
ept. That is, someliterals dis
riminate between the sub-
on
ept of P and the sub-
on
ept of theexample. These literals, used as attributes to des
ribe the several reformulationsof the example will not be mat
hed by de�nition. Therefore the MIP will produ
eirrelevant and over-general 4 ve
tors whi
h do not have to be taken into a

ount.In this manner, propositionalization introdu
es 
lass-noise for these parti
ularpositive examples whi
h are tagged positive in the training set but whi
h reallyare negative examples with respe
t to the pattern.On the other hand, bounded propositionalization 
opes with the intra
tabilityof the 
hange of representation by approximating the set of the most spe
i�
ve
tors. This approximation will produ
e a generalization of the most spe
i�
ve
tors. This generalization 
an be viewed as obtaining the most spe
i�
 ve
-tors from a sour
e of noise, in whi
h some attributes' values "true" have been
ipped to values "false". Due to our parti
ular learning setting, the attribute-noise impa
t di�ers between negative and positive examples. For the former, theso generalized negative examples are still negative. For the latter, 
ipping trueto false 
an transform the positive ve
tor into a negative one.This last property seems to invalidate any pruning s
heme able to 
ope withboth the 
lass-noise and attribute-noise of positive examples. Moreover, all pos-itive examples other than the pattern are potentially noisy. As far as we know,feature subset sele
tion in a 
ontext of a noisy MIP has not been investigated yet.Therefore, as a �rst attempt to bring feature sele
tion te
hniques to ILP, we aregoing to present, in the next se
tion, a simple Relief-like algorithm, whi
h willnot take into a

ount positive examples other than the pattern, and thereforewill deal with the problem of the attribute-noisy negative examples only.A Relief-based Filter for the Reformulated Problem Relief has beenshown to su

essfully handle attribute-noise [12℄. This algorithm is fast andreliable for dete
ting relevant, 
orrelated attributes, both nominal and ordinal.Relief is inspired by instan
e-based learning, observing how attributes di�eramong instan
es to assess their relevan
e. It outputs a ranked list of attributes,maintaining a weight for ea
h feature, whi
h is in
reased if the feature seems4 This 
ase is exempli�ed by the FOL learning problem des
ribed in example 1. It
an be seen that a 
onjun
tive solution does not exist in the Datalog language. Allve
tors obtained by propositionalizing the positive FOL example are more generalthan the negative ve
tor �NE;2.



relevant and de
reased if irrelevant. The e�e
tive sele
tion of relevant featuresis made by setting a threshold, usually set to zero when no prior knowledge isavailable.Using Relief in an ILP 
ontext has been already dis
ussed in [18℄ to pruneirrelevant bran
hes of re�nement graphs. Although we use a Relief-like �lterfor a 
ompletely di�erent task, we share the same weight update pro
edure. Toassess the relevan
e of a parti
ular attribute, we 
an just look at the dis
repan
ybetween the attribute values of the pattern and the negative ve
tors. As theformer is the bottommost element of the boolean latti
e, i.e. all attributes are setto one, the relevan
e of an attribute 
an be assessed from the negative examplesonly. So, the gain of an attribute wrt a negative ve
tor depends whether theattribute is set to one or to zero. In our learning setting 5, if the attribute is one,it 
an not be used to dis
riminate the negative ve
tor, hen
e its gain is negative(-1). In the same way, its gain is positive (+1) if its value is zero. The �lteringalgorithm is shown �gure 1.�ltering(k,E�,P)% returns an empiri
ally relevant sele
tion of P's literalsSet all weights W[i℄ to 0.0For ea
h FOL negative example e in E� doRepeat k timesCompute one ve
tor v by propositionalizing e wrt PFor i := 1 to all attributes doW [i℄ :=W [i℄ + gain(v)return all attributes whose the weight is positive.Fig. 1. Filtering AlgorithmAll FOL negative instan
es are used6. For 
onvenien
e, we 
an 
onsider theweights normalized between [-1;+1℄. If we analyze the two extremal weights, we
an see that an attribute with value true in every negative example will have aweight equal to -1, as it 
an not be used at all to solve the dis
rimination task.An attribute not belonging to any negative ve
tors will get a weight +1, as it isvery dis
riminating.The time 
omplexity of this algorithm is linear in k, in the number of negativeexamples and in the 
omplexity of 
omputing one ve
tor by propositionalization.In the 
ase where the sampling s
heme des
ribed in Se
t. 3.1 is used, the total
omplexity is O (k jE�j jP j jej). Due to the fa
t we do not use the positive exam-ples, we require neither spa
e in k, nor in the size of the training set, that is tosay, the spa
e 
omplexity is 
onstant. This feature will be dis
ussed in se
tion 5.5 When learning by impli
ation, only literals from the bottommost 
lause's body areused for the dis
rimination task.6 In the original version of Relief, only a �xed number of instan
es pi
ked at randomis used. Although this results in a high varian
e, it is an interesting approa
h whendealing with a large number of instan
es



The �lter at work In order to illustrate the �ltering pro
ess, we are going to�lter the positive FOL example E0, given as the propositionalization pattern inthe example 1. A

ording to se
tion 3.2, for ea
h negative ve
tor 
omputed, ea
hattribute whose the value is true will have a negative gain. Considering only theve
tors given in example 1 (as a result of bounded MIP), we have the resultsgiven in table 2, the last row showing the normalized weight of ea
h attribute.The e�e
tive sele
tion of attributes is performed by sele
ting those whose theweight is positive, i.e. : r(Z) and U = Y .Therefore, given the relational problem and the following example as the pattern:E0 : 
(a) p(a; b); q(b); q(a); r(
):The 
urrent implementation will produ
e the following �ltered example7:E0 : 
(a) q(a); r(
):Table 2. The output of the �lter algorithmP 
(U) p(V;W ) q(X) q(Y ) r(Z) U = V U = Y V = Y W = X�NE;1 -1 -1 -1 -1 +1 -1 +1 +1 -1�NE;2 -1 -1 -1 -1 +1 -1 -1 -1 -1�NE;j -1 -1 -1 -1 +1 +1 +1 -1 +1-1 -1 -1 -1 +1 -0.33 +0.33 -0.33 -0.33
4 ExperimentsTo evaluate the approa
h we use the ILP system Propal [2℄ as learning algo-rithm.We have evaluated the approa
h by performing experiments on the two Mu-tagenesis datasets, well-known ILP problems used as ben
hmark tests. In theseproblems, ea
h example 
onsists of a stru
tural des
ription of a mole
ule as ade�nite 
lause. The mole
ules have to be 
lassi�ed into mutageni
 and non-mutageni
 ones. The representation language used has been de�ned from ba
k-ground knowledge B0, whi
h uses only relational literals, ta
kling nominal andordinal arguments as 
onstants (see [24℄ for a detailed explanation). In a fewwords, positive and negative examples of the target 
on
ept are mole
ules de-s
ribed in terms of atoms (between 25 and 40 atoms) and bonds between someof these atoms.One of the two datasets is "regression-friendly", in whi
h a good regres-sion analysis 
an be performed, 
omposed of 188 mole
ules, and the other one,7 This representation of the �nal example depends of the language of representationused.



"regression-unfriendly", 
omposed of 42 mole
ules. The experimental proto
ol isthe one provided in [24℄. The a

ura
y of the learned theory for the regression-friendly dataset (RF) is evaluated by a 10-
ross-validation (the 10 folds beingalready given), and the a

ura
y on the regression-unfriendly (RU) is evaluatedby a leave-one-out pro
edure. Ea
h learning time is 
al
ulated by performinglearning on the whole dataset.Table 3. Comparison of the Propal's performan
e on the original datasets and the�ltered ones RF RUA

ura
y (%) Time (s.) A

ura
y (%) Time (s.)Filtered (k = 100) 85.54 �1:3 69 �26 80.71 �1:75 6.34 �1:61Filtered (k = 500) 85.50 �1:73 110 �1 82.61 �3:73 5.96 �0:85Not �ltered 81.80 290 71.4 10Table 3 
ompares the Propal's performan
e on the Mutagenesis datasets�ltered and not �ltered. The time to �lter the two databases is negligible. Dueto the sto
hasti
 pro
ess of the bounded propositionalization used, ea
h a

ura
yand time have been averaged over 10 runs; the standard deviation is given.As expe
ted, we 
an see that the performan
e of Propal has been improved,both in a

ura
y and time. It is interesting to noti
e the small standard deviationobtained for the a

ura
y, although the total number of ve
tors extra
ted is reallysmall 
ompared to the size of the mat
hing spa
e in mutagenesis. That 
ouldbe an eviden
e that this spa
e is highly redundant, and the �ltering step doesnot su�er from the poor bounded propositionalization s
heme, at least for themutagenesis problems. The deterioration of the performan
e for the 
ase withk = 500 is most likely due to the inje
tion of noise into the data by working witha larger sample of the noisy instan
e spa
e.5 Dis
ussionSeveral remarks are in order to summarize the implementation of the paradigmused for the validation. Firstly, we use a very simple bounded MIP s
heme whi
hdoes not depend on the appli
ation and the stru
ture of the spa
e of mat
hingsbeing sear
hed. There is a need for an informed sampling s
heme here, one whi
hwould take into a

ount the partial ordering between instan
es in order to extra
tve
tors as spe
i�
 as possible and possibly parti
ularities of the appli
ation.Se
ondly, we 
an observe that the parameter k, spe
ifying the size of the examplespa
e sampled from the entire sear
h spa
e, is arbitrary in the approa
h des
ribedhere. At this point, we do not have a good grasp of the range of values of k whi
hwill allow eÆ
ient and yet pre
ise learning from the sample. We 
an observe thatalthough one 
ould anti
ipate k to be large, our experiments indi
ate that even



a very small k (wrt the total size of the mat
hing sear
h spa
e) is adequate,at least in the mutagenesis appli
ation. Thirdly, with the upgrade of featuresele
tion te
hniques, there is also an upgrade of the �lter algorithm, whi
h hasto take into a

ount our parti
ular settings. Ta
kling a bounded MIP needs tobe further investigated. We proposed here a Relief-like algorithm for its abilityto 
ope with attribute-noise and numeri
al attributes (not yet evaluated). Themethod des
ribed does not use any positive examples other that P . Clearly,there is room for improvement here: use of positive examples should allow fora tighter, more fo
used sear
h spa
e, and 
onsequently a better approximationof the relevant literals. However, it is worth 
onsidering it further due to its low
omplexity, and its 
onstant spa
e requirement whi
h 
ould one allow to handlearbitrarily large sample size (here, k in se
t. 3.1).6 Con
lusionOn the one hand, relational problems typi
ally have to 
ope with dimensional-ity 
hallenges harder than those in AVL learning. On the other hand, Ma
hineLearning resear
h has developed e�e
tive te
hniques for dealing with dimension-ality by means of feature sele
tion �lters. It is not obvious, however, how toperform feature sele
tion in ILP be
ausethere is no notion of a �xed set of fea-tures for a given ILP task. We have resolved this problem and proposed a generalparadigm enabling feature subset sele
tion te
hniques to be applied in ILP, inlanguages at least as expressive as Datalog. Our design 
riteria fo
used on theability to handle FOL problems expressive enough to support KDD appli
ations.This ability means that a FOL representation must in
lude free, existentiallyquanti�ed variables. As far as we know, it is the �rst feature sele
tion methodwhi
h works with reasonably expressive subsets of FOL. Moreover, our methodis appli
able to any learning setting in whi
h the generality relationship is basedon partial ordering (e.g. theta-subsumption).The main idea is to 
onsider �ltering one relational example at a time. Thisuses its literals as a �xed set of attributes for approximating the relational prob-lem by a MIP. Filtering the MIP allows us to assess the relevan
e of the example'sliterals. To �lter the whole relational problem, we 
onsider ea
h example in turn.In this paradigm, the feature sele
tion te
hniques work as a front end �lter, ap-plied prior to further pro
essings and to the model building.The reformulated problem whi
h has to be �ltered is a noisy MIP, whi
h has notbeen investigated yet by the ma
hine learning 
ommunity. We have proposed asimple solution to this problem but further resear
h is needed. A possible exten-sion is to develop a model of noise introdu
ed by the 
hange of representation asdes
ribed in Se
t. 3.2, and then to 
ome up with an AVL FS under this model,maybe following [5℄.In order to evaluate the relevan
e of the approa
h, we have proposed a simpleimplementation, and we have performed experiments on two datasets of muta-genesis, a real-word bio
hemi
al domain, 
onsidered as ben
hmark tests in ILP.The results are en
ouraging, showing as expe
ted, an improvement both in time



and a

ura
y.We plan to further investigate the validity of the approa
h on problems pre-sented by the KDD 
ommunity, still 
onsidered out of the s
ope of 
urrent ILPte
hniques.Ak
nowledgementsWe are very grateful to Mi
h�ele Sebag and C�eline Rouveirol for dis
ussing their workswith us. The support of the Natural S
ien
es and Engineering Resear
h Coun
il ofCanada and of the Computing and Information Te
hnologies Ontario are kindly a
-knowledged.Referen
es1. E. Alphonse and C. Rouveirol. Obje
t identity for relational learning. Te
hni
alreport, Deliverable LRI
(1), ESPRIT LTR 20237 (ILP2), 1999.2. E. Alphonse and C. Rouveirol. Lazy propositionalization for relational learning. InW. Horn, editor, Pro
. of the 14th European Conferen
e on Arti�
ial Intelligen
e(ECAI'2000), pages 256{260. IOS Press, 2000.3. Hendrik Blo
keel, Lu
 De Raedt, Ni
o Ja
obs, and Bart Demoen. S
aling upindu
tive logi
 programming by learning from interpretations. Data Mining andKnowledge Dis
overy, 3(1):59{93, 1999.4. Avrim Blum and Adam Kalai. A note on learning from multiple-instan
e examples.Ma
hine Learning, 30:23{29, 1998.5. Y. Chevaleyre and J.D. Zu
ker. Noise-tolerant rule indu
tion for multi-instan
edata. In ICML 2000, Workshop on Attribute-Value and Relational Learning, 2000.6. L. de Raedt. Attribute-value learning versus indu
tive logi
 programming : Themissing link. In D. Page, editor, Pro
. of the 8th International Workshop on In-du
tive Logi
 Programming, pages 1{8. Springer Verlag, 1998. Extended abstra
t.7. Lu
 de Raedt. Logi
al settings for 
on
ept-learning. Arti�
ial Intelligen
e,95(1):187{201, 1997.8. T. Dietteri
h, R. Lathrop, and T. Lozano-Perez. Solving the multi-instan
e prob-lem with axis-parallel re
tangles. Arti�
ial Intelligen
e, 89:31{71, 1996.9. Floriana Esposito, Ni
ola Fanizzi, Stefano Ferilli, and Giovanni Semeraro. Idealtheory re�nement under obje
t identity. In Pro
. 17th International Conf. onMa
hine Learning, pages 263{270. Morgan Kaufmann, San Fran
is
o, CA, 2000.10. J. F�urnkranz. Dimensionality redu
tion in ILP: A 
all to arms. In Lu
 de Raedtand S. Muggleton, editors, Pro
eedings of the IJCAI-97 Workshop on Frontiers ofIndu
tive Logi
 Programming, pages 81{86. Nagoya, Japan, August 1997.11. Jorg-Uwe Kietz, Ulri
h Reimer, and Martin Staudt. Mining insuran
e data at swisslife. In The VLDB Journal, pages 562{566, 1997.12. K. Kira and L. A. Rendell. A pra
ti
al approa
h to feature sele
tion. In Pro
.of the Ninth International Conferen
e on Ma
hine Learning., pages 249{256. MK,1992.13. Ron Kohavi and George H. John. Wrappers for feature subset sele
tion. Arti�
ialIntelligen
e, 97(1{2):273{323, 1997.



14. S. Kramer, B. Pfahringer, and C. Helma. Sto
hasti
 propositionalization of non-determinate ba
kground knowledge. In D. Page, editor, Pro
. of the 8th Interna-tional Workshop on Indu
tive Logi
 Programming, pages 80{94. Springer Verlag,1998.15. Dragan Gamberger Nada Lavra�
 and Viktor Jovanoski. A study of relevan
e forlearning in dedu
tive databases. Journal of Logi
 Programming, 40(2/3):215{249,1999.16. C. Nedelle
, C. Rouveirol, H. Ade, F. Bergadano, and B. Tausend. Advan
es inIndu
tive Logi
 Programming, 
hapter De
larative Bias in Indu
tive Logi
 Pro-gramming, pages 82{103. Raedt de L. (ed.), IOS Press, 1996.17. G. Plotkin. A note on indu
tive generalization. In Ma
hine Intelligen
e, volume 5.Edinburgh University Press, 1970.18. U. Pompe and I. Kononenko. Linear spa
e indu
tion in �rst order logi
 withRELIEFF. In R. Kruse, R. Viertl, and G. Della Ri

i, editors, Mathemati
al andStatisti
al Methods in Arti�
ial Intelligen
e, CISM Course and Le
ture Notes 363,pages 185{220. Springer-Verlag, 1995.19. C. Rouveirol. Expressiveness/EÆ
ien
y: the dilemma of the Indu
tive Logi
 Pro-gramming. LRI, Universit�e Paris, d�e
embre 2000. HDR, in fren
h.20. M. Sebag. Resour
e bounded indu
tion and dedu
tion in fol. In Multi StrategyLearning, 1998.21. M. Sebag and C. Rouveirol. Indu
tion of maximally general 
lauses 
onsistent withintegrity 
onstraints. In S. Wrobel, editor, Pro
eedings of the 4th InternationalWorkshop on Indu
tive Logi
 Programming, volume 237 of GMD-Studien, pages195{216. Gesells
haft f�ur Mathematik und Datenverarbeitung MBH, 1994.22. M. Sebag and C. Rouveirol. Resour
e-bounded relational reasoning: Indu
tion anddedu
tion through sto
hasti
 mat
hing. Ma
hine Learning, 38(1/2):41{62, 2000.23. G. Semeraro, F. Esposito, D. Malerba, and N. Fanizzi. A logi
 framework for thein
remental indu
tive synthesis of datalog theories. Le
ture Notes in ComputerS
ien
e, 1463:300{??, 1998.24. A. Srinivasan, S. Muggleton, R.D. King, and M.J.E. Sternberg. Mutagenesis: ILPexperiments in a non-determinate biologi
al domain. In S. Wrobel, editor, Pro
eed-ings of the 4th International Workshop on Indu
tive Logi
 Programming, volume237 of GMD-Studien, pages 217{232. Gesells
haft f�ur Mathematik und Datenver-arbeitung MBH, 1994.25. P.R.J. van der Laag and S-H. Nienhuys-Cheng. Existen
e and nonexisten
e of 
om-plete re�nement operators. In F. Bergadano and L. De Raedt, editors, Pro
eedingsof the 7th European Conferen
e on Ma
hine Learning, volume 784 of LNAI, pages307{322. Springer Verlag, 1994.26. J.-D. Zu
ker and J.-G. Ganas
ia. Changes of representation for eÆ
ient learn-ing in stru
tural domains. In Pro
. of 13th International Conferen
e on Ma
hineLearning. Morgan Kaufmann, 1996.


